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SUMMARY
In general, intraclass correlation coefficients (ICC's) are designed to assess consistency or conformity
between two or more quantitative measurements. They are claimed to handle a wide range of problems,
including questions of reliability, reproducibility and validity. It is shown that care must be taken in
choosing a suitable ICC with respect to the underlying sampling theory. For this purpose a decision tree is
developed. It may be used to choose a coefficient which is appropriate for a specific study setting. We
demonstrate that different ICC's may result in quite different values for the same data set, even under the
same sampling theory. Other general limitations of ICC's are also addressed. Potential alternatives are
presented and discussed, and some recommendations are given for the use of an appropriate method.

1. INTRODUCTION

While the problem of assessing agreement between quantitative measures is quite common in
clinical practice, adequate statistical analysis is rare. In medical journals, linear regression
analysis and Pearson's correlation coefficient (r) are often used. However, Pearson's r only
measures the association between two variables, and does not provide information about
agreement. For example, we may observe a correlation coefficient of nearly 1 when one measure is
approximately twice a second measure. The strong correlation allows nearly perfect prediction of
one measure from the other, but the actual agreement is non-existent. Good agreement is only
obtained when the pairs of readings closely follow the line of equality. Pearson's r may be quite
misleading in judging agreement.
By contrast, intraclass correlation coefficients (ICC's) are claimed to be suitable for this
purpose. The first ICC's were developed at the end of the last century to measure concordance of
items in genetics. Thereafter ICC's gained entry first into psychology and then into medicine in
general.
In medicine, ICC's are used to assess agreement of quantitative measurements in the sense of
consistency and conformity. The concept of consistency is defined' as the agreement of two
quantitative measurements in settings where neither one is assumed 'correct'. Thus consistency
handles questions of intra- as well as interobserver reproducibility of measurement scales. The
different concept of conformity is defined as the agreement of a first measurement with a reference
that is established as the 'standard'. Consistency is sometimes cited as reliability, reproducibility
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or repeatability. Alternative expressions for conformity are correctness, accuracy or validity. It
seems preferable to replace the ambiguous yet often cited term of agreement by the more precise
concepts of consistency and conformity.’
Various parametric as well as non-parametric ICC‘s have been published; they all aim to assess
overall consistency or conformity in one single value. The various methods are distributed widely
throughout the literature. First, we present a short overview and list important publications.
ICC’s originate from various disciplines and have been constructed with quite different goals.
Therefore, we examine the comparability of the different ICC‘s with respect to their underlying
sampling theories. We develop simple rules to choose a coefficient appropriate to a specific study
setting. We point out the general limitations of this kind of correlation coefficient and work
through specific problems of ICC‘s. We critically discuss possible alternatives and finally give
some suggestions about how to analyse consistency or conformity studies in general.

METHODS
The concept of intraclass correlation originated from genetics where it was intended to judge
sib-ship correlations. First, a special formulation of Pearson’s r was defined for this purpose,
which was reached by assuming equality of means and variances. In 1925 Fisher’ showed that
this coefficient is equivalent to a one-way analysis of variance (ANOVA), where the total variance
is split into within-subject and between-subject variability. We will refer to this approach as
Model A.
Later the basic ideas of intraclass correlation were picked up in psychology to assess the
reliability of psychometric tests (partially to control for learning effects). More complicated
ANOVA models were developed3 and two models based on two-way ANOVA gained most
popularity; one involves the observers as a random sample (Model B), the other assumes the
observers to be fixed (Model C). For both models the within-subject variance component is split
into a term which yields variability between the observers, an interaction between observers and
subjects, and an error term. Thus both models allow differentiation between bias (systematic
error) and random error.
Kramer and Feinstein4 described a parametric coefficient using results from Fleiss and Cohen.’
By contrast to all other ANOVA-based coefficients, they used sums of squares instead of mean
squares. Their coefficient yields an extreme sensitivity with respect to systematic shifts but it is no
longer a ratio of a part of the variance to the total variance. Therefore, this coefficient is by
definition not a correlation coefficient, despite the assertion in the original paper. It can be shown
that this coefficient directly depends on the sample size,6 a property which impedes clear
interpretation. This approach will be referred to as Kramer.
In 1989, I-Kuei Lin’ proposed a concordance correlation coefficient for the case of two
observers. The ideas of this approach are quite similar to results already published by Krippend o r P in 1970. Assuming independent samples from a bivariate Normal population Lin defines
a parametric coefficient which is composed of a product of Pearson’s r and a bias correcting
factor, which measures how far the readings deviate from the line of equality. Thus this
concordance coefficient allows the explicit computation of a location bias term relative to the
scale. The concordance coefficient does not fulfil the definition of an ICC. However, simulation
studies as well as theoretical considerations show that this approach behaves quite similarly to an
ICC,6 and it is therefore justifiable to treat it like one. We refer to this coefficient as Lin.
The first non-parametric ICC was published in 1949 by Whitfield,’ who defined a coefficient for
two observers using overall ranks. The construction is based on the ideas of Kendall’s tau. We
refer to this approach as Whitfield.
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Table 1. Cardiac output measured by two observers using
Doppler echocardiography (litres/minute)
Patient
1
2
3
4
5
6
7
8
9
10
11
12

Observer
A

B

4.8
5.6
6.0
6.4
6.5
6.6
6.8
7.0
7.0
7.2
7.4
7.6

5.8
5.1
7.7
7.8
7.6
8.1
8.0
8.1
6.6
8%
1
9.5

Patient

Observer
B

A
13
14
15
16
17
18
19
20
21
22
23

1.7
7.7
8.2
8.2
8.3
8.5
9.3
10.2
10.4
10.6
11.4

8.5
9.5
9.1
10.0
9.1
10.8
11.5
11.5
11.2
11.5
12.0

9.6

Another non-parametric ICC which is also applicable to more than two observers was defined
in 1979 by Rothery." After overall ranking, his suggestion is to examine every pair of readings
from the same subject. He then counts the occurrences where a reading from another subject
cannot be found to lie between the original pair. The actual measure is defined as the ratio of the
counted triplets without inversions and all possible triplets. This coefficient will be referred to as
Rothery. If the readings are drawn from a multivariate Normal distribution it can be shown that
this measure of intraclass correlation is a monotone function of the parameter obtained from
one-way ANOVA. l 1
A third non-parametric approach is derived from results of Krippendorff' and Fleiss and
Cohen,' who showed independently the approximate equivalence of the squared weighted kappa
and the ICC given by Model B. Thus, squared weighted kappa provides for classified data
another non-parametric ICC which will be referred to as Kappa.
Finally it is possible to construct a non-parametric ICC of the Spearman type.6 First the
readings are given overall ranks. Then the expected mean ranks can be calculated and put into the
classical definition of the Spearman rank correlation coefficient. This approach will be referred to
as CR.
CONCURRENCE O F DIFFERENT APPROACHES
Since the above coefficients were developed separately within different disciplines, it is reasonable
to ask about their comparability. We now look at an example from cardiology to examine the
extent to which the different approaches agree. The aim of this study was to assess the
interobserver reproducibility of cardiac output, measured non-invasively by Doppler echocardiography. From the four chamber view of the heart the readings were made by positioning the
Doppler sample volume at the mitral anulus plane; the data for 23 ventilated patients are given in
Table I and are plotted in Figure 1. From a crude visual examination, we realize that observer
B obtained higher values than observer A and would assume the existence of some bias. We
would not judge the consistency to be very good.
We now investigate how far different approaches concur in their judgement of this consistency.
Table 11 shows a quite amazing range of values, from Kramer's coefficient of 015 to 0.93 in
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Figure 1. lnterobserver reproducibility of non-invasively assessed cardiac output in 23 ventilated patients

Table 11. Intraclass correlation coefficients (and 95
per cent confidence intervals) for the echocardiography data
~~

Method

Model A
Model B

ICC

[95% CI]

C0.52,0.861
C0.02, 0.921
C084, 0.961
[OW,
0431
C0.59, 0.861
C0.27, 0.831
C0.29, 0.901
[063, 0.833
C0.36, 0.851

-

Model C

0.73
0.75
0.92

Kramer

0.15

Lin
W hi tfield
Rothery
Kappa

0.75
0.55
0.65
0.73
067

CR

Model C. Thus in using different approaches, estimates from very poor to nearly perfect
consistency may be found for the same data set, a result which impedes clear interpretation. Table
I1 also shows approximate 95 per cent confidence limits for the different ICC‘s, some of which are
very conservative.
Bearing in mind the properties of Kramer’s coefficient, we exclude this method which gives the
lowest value since it is not comparable to the other correlation coefficients.
One explanation for the remaining dissimilarities is that these methods are derived from
different sampling theories. For example, Model A treats the observers as random while Model
C assumes the observers to be fixed. It can be shown6 that due to this difference, Model A always
yields coefficients lower than Model C when a systematic data shift is present.
Thus, first of all, it is crucial for a valid interpretation of an ICC estimator to choose
a coefficient which is appropriate for the underlying sampling theory. In the following we develop
a ‘decision tree’, which leads to a coefficient which is suitable for a specific study setting.
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To classify the different study types we abstract from all theoretically possible settings. In
general, we face two sets: the set of observers and the set of subjects. Since the observers measure
the subjects, we have a one-sided relation between these two.
We first try to classify the statistical properties of the two sets; either may be drawn at random
from a larger population or may present the only elements of interest (that is, it may form a fixed
set). For statistical inference, however, it is necessary that the subjects are a random sample. Thus,
we only have to distinguish between studies where the set of observers is drawn at random and
those where the observers are fixed.
Secondly, we classify the possible relations between the two sets. For the moment we consider
the ‘ideal’case where the maximum information is available; that is, we assume that each observer
judges each subject. We then distinguish the case where it is possible to differentiate between the
observers (as it is in the cardiac output example discussed above) from the case where it is
impossible (or makes no sense) to distinguish between them (as, for example, in a genetic study of
twins, see below). This differentiation is also necessary in the setting where maximum information
is not available; that is, at least one subject is not judged by each observer.
The considerations above ignore studies where different subjects are measured at different
times by single observers. This setting reflects a mixture of two consistency studies (for example,
intra- and interobserver reproducibility) or of a consistency and a conformity study performed
simultaneously. The analysis can be done separately for each of the two underlying studies. Thus,
this mixed study type is reduced to settings already mentioned.
The discussion above suggests there are three major decisions in the differentiation of study
types and these enable any consistency or conformity study to be classified into one of six types.
In the following we will work through these decisions and clarify them by means of examples. The
order in which they are taken is arbitrary; rearrangement leads to the same groups of coefficients.
The first decision is whether the observers are fixed or random and two examples may clarify
the difference:

1. Two equally experienced cardiologists use a new echocardiographic unit to measure filling
pressure in the left ventricle. Here, the observers are a random sample of physicians who will
use the unit in the future and to which the assessed interobserver consistency is intended to
relate. Thus using a random approach would yield a suitable coefficient.
2. A new mini peakflow meter and a standard peakflow meter are used to assess peak
expiratory flow rate. The resulting intermeasure conformity concerns only these two
peakflow meters and thus a fixed approach would be correct.
The second decision is whether or not each observer judges each subject. This is important in
the case of random observers. If we want to investigate, for example, the concordance of
a quantitative genetic variable in siblings, the families correspond to the ‘subjects’ and the single
sibling to the ‘observer’. It is obvious that the number of siblings per family will often vary and
this variation has to be taken into account. With fixed observers it is intended to judge the effect
of each single observer; when all of the subjects are not assessed by each observer we have
a problem of missing values.
The third decision is whether or not the observers are differentiable, in other words whether
different measurements taken from the same subject are interchangeable or not. This decision
concerns only the case of random observers, for if the observers are fixed, each single measurement can obviously be attributed to the observer it came from. For example, if we compare
readings of different instruments each single measurement is clearly traceable to just one, and the
assessments obtained from one subject are not interchangeable. This changes if we again want to
determine the concordance of a quantitative genetic variable in siblings. We would expect an
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Figure 2. ‘Decision tree’ to select a suitable approach with respect to the underlying sampling theory; P = parametric
coefficient; N P = non-parametric coefficient; k = suitable for k 2 2 observers; 2 = only suitable for 2 observers; - = no
coefficient available

appropriate ICC to yield the same result if the quite arbitrary ordering of the siblings is changed.
In this example the different measurements taken from the same family are interchangeable and
a suitable ICC should take this into account.
The three decisions result in the tree displayed in Figure 2, which divides studies into six types
according to the underlying sampling theory. In principle, approaches which permit interchangeability of readings could also be used in the corresponding case where the numbering of readings
is unambiguous. However, simulation studies show that this practice coincides with loss of
information.6 It is unavoidable for the first group of studies since no special coefficient is
available. A similar problem exists with fixed observers when each subject is not judged by every
observer; no coefficient is available.
We use the decision tree to choose an appropriate coefficient for our example in Figure 1: the
two physicians represent a random sample of all possible users of the echocardiographic unit;
each patient was assessed by each observer and a single measurement is clearly traceable to the
observer it came from. Thus Model B and Lin provide suitable approaches and in this particular
example result in nearly identical values (Model B = 0.753;Lin = 0.751). We also observed some
location bias, and both models allow testing of this bias against zero revealing significant results
( p < 0.001).
We can also see that some of the differences between the ICC’s in Table I1 are attributable to
different sampling theories. However, some dissimilarities remain; in particular, assuming fixed
observers, the Spearman type approach CR and Model C are markedly different even though
derived from the same sampling theory. Some theoretical considerations as well as simulation
studies indicate that possible remaining differences are ascribable to special data shifts6
For example, a location bias will in general produce a differencebetween the CR coefficient and
Model C. A rotation shift, however, would result in dissimilarities between Model A and
Rothery’s approach, and so on.
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These observations direct our attention to the limitations of those methods. In the following we list some important restrictions of ICC methods which may severely restrict their
interpretation.
LIMITATIONS OF ICC APPROACHES
The general problems above illustrate that with certain biases in the underlying data, ICC
approaches, even when based on the same sampling theory, may yield conflicting results. These
may hamper the interpretation of an ICC estimate.
A second general limitation applies to significance testing for with all the models discussed
(except Model A) only tests against zero are as yet well established. Such tests may be useful in
genetics, where usually, only very weak concordance is expected. In a clinical setting, however,
significance tests against zero are of little interest for such tests may show only that two methods
agree more than by chance. It would be quite surprising if measurements obtained from two
instruments designed to measure the same thing were not related.
A sound distribution theory exists only for Model
and a significance test against
a pre-specified value is available only for this model. However, calculation of at least approximate
confidence intervals for all cited ICC's is feasible. Interested readers can find the formulae for the
confidence intervals for Model A, Model B and Model C in Reference 3, for Lin, Whitfield and
Rothery in the original articles, References 7,9 and 10, for Kappa in Reference 15 and for CR in
Reference 6.
Another problem is that some estimators may be negative, whereas their corresponding
parameters are strictly positive. How such negative values should be interpreted is quite unclear,
and the suggestion to redefine them as zero does not really solve the problem.
There are other limitations with parametric approaches. In using a parametric ICC, we
have to consider possible violations of the underlying assumptions; that is, multivariate Normal
distributions and equality of variances. We would expect the problem of different variances
to arise more often in conformity than in consistency studies, especially when a new instrument
is compared with an accepted standard, or when a less-experienced observer is compared with
an experienced one. Consistency studies are concerned with repeatability of the same measurement or reliability of a random sample of observers; in both cases we tend to expect similar
variances.
Another severe restriction concerns interpretation of any parametric ICC, for the estimates (as with all correlation coefficients) are dependent on the range of the measuring scale;
the wider the range, the better the result. A popular illustration of this limitation is the judgement
of interobserver consistency of diastolic and systolic blood pressures. Since systolic blood
pressure measurements have a wider range than diastolic measurements, the ICC for the former
is higher than that for the latter, apparently implying that diastolic blood pressure is
more difficult to assess than systolic. This is an artefact which is not supported by any real
evidence.
With more than two observers or methods of measurement (k > 2) the parameters of the ICC's
are asymmetrically distributed. The range of the values as well as the estimates themselves depend
on k. Thus an ICC for three methods is not comparable to one for four methods. The
interpretation is correspondingly unclear.
One special limitation applies to studies with fixed observers for which sampling theory
supplies Model C as a suitable parametric ICC. This approach originates from psychometric
theory and was constructed for test-retest analysis. In this context a systematic data shift would
only reflect a learning effect. This bias is estimated explicitly by Model C and the measure of
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consistency is adjusted for it. In medicine a systematic data shift may be of special interest
especially when assessing consistency between two observers, and consequently Model C may be
inappropriate.
The non-parametric alternative with fixed observers, coefficient CR, handles bias like a random
error. Thus keeping the decision tree in mind, we realize that with fixed observers there is no
coefficient which is sensitive to bias and simultaneously allows explicit estimation of it. Consequently, no convincing coefficient exists for conformity studies where the main interest lies in
detailed analysis of possible bias. With random observers, however, both Model B and Lin allow
an adequate analysis of bias.
In listing limitations of non-parametric approaches, we first note a severe practical disadvantage: while ANOVA based ICC's may be computed using common statistical software, nonparametric approaches are not implemented in such programs. A second limitation is that such
coefficients are insensitive to outliers. By contrast, parametric approaches react with an increase
of the error component and, therefore, outliers are reflected in the estimates.
A third problem is the underlying sampling theory; except for the CR method, all nonparametric ICC's are developed under the assumption of interchangeability of readings from the
same subject. Such study settings, however, are quite uncommon in practice, and, therefore, the
use of non-parametric ICC's remains correspondingly limited.
POTENTIAL ALTERNATIVE APPROACHES
As a result of the criticism of ICC's, we discuss below some potential alternative approaches to
judge consistency or conformity.
One straightforward solution appears to be the combination of detailed linear regression
analysis and a paired c-test.16 However, this kind of analysis assumes that only one method, the
dependent, is subject to measurement errors; the other, the independent method, has to be exact.
Thus linear regression analysis may only be used for conformity studies where the accepted
standard is measured without error. Assuming this quite rare study setting we may test Pearson's
r against zero to prove that a significant correlation exists. We may test the slope of the regression
line against 1 and the intercept against zero to rule out a significant rotation or location shift. An
additional paired c-test may also exclude a significant location shift.
All these results, however, are answers to the wrong questions. The absence of a significant
difference does not imply good conformity. Only equivalence tests would be correct in this
context. The common principle of inclusion within the confidence interval (see Mau,' ' Westlake'*) works as follows. To test, for instance, that an intercept lies between - 0.05
and +0.05, we construct a (1 - 2a).100 per cent confidence interval for the computed intercept
of the regression line. If we find both limits of this interval to lie inside of [ - 0.05, + 0-051, we
reject the null hypothesis of non-equivalence by holding a significance level of a (not 2a!). The
problem of this method as well as of other equivalence approaches is that the studies concerned
may lack the necessary sample size.lg
A second alternative was proposed by Altman and Bland.20-22 The authors stress the
importance of visual investigations. They propose a residual-like plot of the differences of the
observed pairs of readings against their mean values. They define 'limits of agreement' by
combining the mean d and the standard deviation s of the differences as d f 2s. An example of
such a plot is given for the cardiac output data in Figure 3. This type of plot allows identification
of outliers as well as an examination for trend by means of linear regression analysis. One
particular advantage of this more visual approach is that it can be easily explained to nonstatisticians.
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Figure 3. Residual-like plotz0 of the cardiac output data

Some critical aspects should also be noted. The concepts of consistency or conformity require
an equivalence test for the mean of the differences as well as for the correlation coefficient against
zero delta. Altman and Bland, however, test the differences for significance and therefore the
estimation of the goodness of consistency or conformity seems rather subjective. This approach
also lacks a single measure which would be preferable especially when more than two methods
are compared.
A third alternative method frequently used in clinical chemistry is the method of structural
regression analysis (STRUCREG).23*24
Although the concept of STRUCREG is closely related
STRUCREG offers some advantto the well-known model of linear structural
ages. Bivariate structural regression analysis is not restricted to multivariate Normal distributions and without additional constraints the model remains identifiable in the bivariate case.
Figure 4 presents an example of STRUCREG using the cardiac output data. The figure shows
the bivariate calibration line, a straight line which allows simultaneously the prediction of Y given
an x-value and of X given a y-value. The slope of the bivariate calibration line is given by the ratio
of the variances of the readings, and is nothing other than the geometric mean of the slopes of the
two ordinary regression lines.
Feldmann and S ~ h n e i d e r developed
~ ~ . ~ ~ maximum likelihood estimators as well as robust
estimators for the slope and the intercept. In contrast to the concept of linear structural
relationship in the case of maximum likelihood estimation, STRUCREG allows unbiased
estimation of standard errors of the slope and the intercept of the bivariate calibration line.
Feldmann and Schneider also give confidence limits for their robust estimators. The calculated
confidence intervals for the estimators of the slope and the intercept of the bivariate calibration
line directly show whether proportional or additive bias exists. Calculating the 95 per cent
confidence intervals (CI) of the slope and the intercept for the cardiac output data yields
intercept = 0.23,95 per cent CI = [ - 0.07,053] and slope = 1.12,95 per cent CI = C0.95, 1.301;
STRUCREG does not detect a significant bias.
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Figure 4. STRUCREG example of the cardiac output data

DISCUSSION
Many of the cited ICC methods were developed in genetics and psychology to examine questions
of, for example, concordance of a genetic variable in twins, or to assess the reliability of
a psychological questionnaire by means of repeating similar questions about the same subject. In
these disciplines, most study settings assume that measurements taken from the same subject are
interchangeable.
For studies of this kind, however, neither detailed linear regression analysis nor the methods
proposed by Bland and Altmann, nor structural regression analysis, are applicable since single
measurements are not clearly attributable to one method or observer. For those study settings,
ICC approaches provide a useful methodology for analysing consistency or conformity. ICC's,
moreover, allow tests against zero, and, therefore, these methods are adequate for study settings
where the main interest lies in assessing whether the concordance is greater than by chance.
Thus ICC's are quite helpful for certain studies in genetics and psychology. However, care must
be taken over the choice of an appropriate coefficient with respect to the underlying sampling
theory. The proposed decision tree may help to avoid the misuse of inadequate approaches.
In medicine the main aim is to judge conformity or consistency of different measurement
methods or observers. Thus we are confronted with a quite different study setting since the single
measurements are clearly traceable to the unit or observer they came from. Moreover, the aim is
to judge how far the observations differ from an ideal conformity or consistency, and it is of little
interest whether two instruments concur more than by chance.
For study settings with just two observers or methods, all of the alternative approaches
discussed here are applicable. They provide more detailed information than a single ICC. Using
these alternative methods, we are also able to avoid the problems of interpreting one overall
measure. Unfortunately ICC's do not provide tests against unity. Therefore, assessing overall
consistency or conformity in medicine by solely computing an ICC without further information
must be regarded as insufficient and use of the ICC's discussed here seems limited. Two
exceptions can be made. First, if more than two methods are to be compared at once, all the
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mentioned alternatives to ICC fail to provide any adequate analysis. Thus, an ICC may be the
only possibility for getting at least a relative measure of consistency or conformity. Second, in
a study in which the conformities of two or more new measurements are to be compared with
a ‘gold standard’, the ICC approach, resulting in one single measure, is the easiest method to
judge which of the new measurements yields the best conformity.
Only studies of this kind profit from the relative nature of an ICC. All other study settings face
problems of interpretation; the dependence of the ICC on the variance of the population
illustrates that a calculated ICC has no absolute meaning. Consequently there is no reason to
judge an absolute ICC greater than 075 as indicating good conformity or consistency as
~ Lee et ~ 1 . ~ ’
proposed by Burdock et u I . ~and
When single measurements are unambiguously attributable to one method or observer, we
recommend first plotting a square scatter diagram including the line of equality. This type of
visual investigation is imperative to get an initial impression of the data. An additional residual-like plot of the differences of the observed pairs of readings against their mean values, as
proposed by Bland and Altman, reveals further important information; using their ‘limits of
agreement’ we are able to identify outliers. Using linear regression analysis of the differences of
the pairs of readings on their mean values, it is possible to rule out a significant bias. However, as
already discussed in the context of linear regression analysis, we recommend the use of equivalence tests.
The different approach of structural regression analysis, recently developed by Feldmann,23
represents a powerful instrument to judge consistency or conformity of two methods. The main
advantages of this bivariate calibration technique are that parametric ML estimators as well as
robust estimators are available, bivariate residual analysis as well as outlier detection are
provided and tests concerning the slope and the intercept of the calibration line are possible. By
contrast to Feldmann and Schneider, however, we again recommend equivalence tests.
The STRUCREG method assumes that both measurements are subject to error. Thus structural regression analysis is an adequate model for nearly any kind of bivariate conformity as well
as consistency studies. Only one exception has to be made, the case where the gold standard is
assumed to be measured without any error. For this and only this special case of conformity
studies, detailed linear regression analysis using equivalence tests of the described form is
recommended.
All the above methods result in quite specific, interpretable measures, so in most consistency or
conformity studies it is not necessary to use an ICC. The calculation of such an additional
coefficient only provides a relative measure which, moreover, has considerable problems in
interpretation, as already discussed.
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