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Abstract

Current interrater reliability (IRR) coefficients ignore the nested structure of multilevel observational data,
resulting in biased estimates of both subject- and cluster-level IRR. We used generalizability theory to
provide a conceptualization and estimation method for IRR of continuous multilevel observational data.
We explain how generalizability theory decomposes the variance of multilevel observational data into
subject-, cluster-, and rater-related components, which can be estimated using Markov chain Monte Carlo
(MCMC) estimation. We explain how IRR coefficients for each level can be derived from these variance
components, and how they can be estimated as intraclass correlation coefficients (ICC). We assessed the
quality of MCMC point and interval estimates with a simulation study, and showed that small numbers of
raters were the main source of bias and inefficiency of the ICCs. In a follow-up simulation, we showed
that a planned missing data design can diminish most estimation difficulties in these conditions, yielding
a useful approach to estimating multilevel interrater reliability for most social and behavioral research.
We illustrated the method using data on student—teacher relationships. All software code and data used
for this article is available on the Open Science Framework: https://osf.io/bwk5t/.

Translational Abstract

Observational studies in social and behavioral science often have a multilevel structure, with subjects
nested within clusters. To inspect the quality of rating procedures and improve these where necessary,
interrater reliability (IRR) should then be defined for the subject-level and cluster-level of the data sepa-
rately. In this article, we propose a method to assess IRR for multilevel continuous ratings provided by
two or more raters. We explain how generalizability theory can be used to decompose the variance of
multilevel observational data into subject-, cluster-, and rater-related components. We explain how IRR
coefficients for each level can be derived from these variance components, and how they can be esti-
mated as intraclass correlation coefficients (ICC). We assessed the quality of the proposed estimation
procedure with a simulation study, and showed that small numbers of raters were the main source of
bias and inefficiency of the ICCs. In a follow-up simulation, we showed that a planned missing data
design can diminish most estimation difficulties of the ICCs, yielding a useful approach to estimating
multilevel interrater reliability for most social and behavioral research. We illustrated the use of the pro-
posed ICCs with data on student-teacher relationships. All software code and data used for this article is
available on the Open Science Framework: https://ost.io/bwk5t/

Keywords: Bayesian hierarchical modeling, generalizability theory, interrater reliability, MCMC estima-
tion, multilevel designs
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As an alternative to self-reports, observational data about sub-
jects are often obtained by raters. For example, in a study assess-
ing the relationship among primary-school students and their
teacher (Zee et al., 2020) researchers (raters) rated the tension

toward a teacher (attribute) as displayed in students’ drawings
(subjects); and in a study assessing dynamic risk factors of juve-
nile delinquency (Van der Put et al., 2011), social workers (raters)
rated adolescents (subjects) on compliance (attribute). An impor-
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tant aspect of these ratings is the interrater reliability (IRR).
Loosely speaking, the IRR reflects the precision of the ratings and
informs researchers about the ability to differentiate among sub-
jects (Kottner & Streiner, 2011). Because IRR bounds the validity
of ratings (cf. Lord & Novick, 1968, p. 72), using ratings with low
IRR in statistical analyses may result in biased estimates and loss
of power (e.g., Hallgren, 2012). Therefore, it is important to report
the IRR in observational studies.

IRR is not uniquely defined, and multiple conceptual founda-
tions of IRR have been proposed (for an overview see, e.g., Gwet,
2014; Hallgren, 2012; Zhao et al., 2013). These conceptual foun-
dations can roughly be divided into two groups. The first group
defines IRR in terms of the number of agreements and disagree-
ments among raters, and is most useful for categorical data. Often-
used coefficients from this group are Cohen’s (1960) kappa and
Krippendorff’s (1970) alpha. The latter is also applicable to con-
tinuous data. The second group defines IRR in terms of variance
components, and is most useful for continuous data. A frequently-
used coefficient from this group is the intraclass correlation coeffi-
cient (ICC; McGraw & Wong, 1996; Shrout & Fleiss, 1979).

Observational studies in social and behavioral science often
have a multilevel structure, with subjects nested within clusters.
For example, researchers (raters) rated the tension toward a
teacher (attribute) as displayed in students’ drawings (subjects),
and classes of students were taught by different teachers (clusters;
e.g., Goble et al., 2019; Zee et al., 2020). Subjects from the same
cluster may be more alike than subjects across clusters because of
cluster-related influences such as class size, or teachers’ teaching
experience. Multilevel modeling is useful to distinguish or predict
variation among clusters, and variation among subjects within
clusters (Raudenbush & Bryk, 2002; Snijders & Kenny, 1999).
Differences among subjects within clusters are then captured in
the subject-level attribute (e.g., a single student’s tension toward
the teacher); differences among clusters are captured in the clus-
ter-level attribute (e.g., the average tension toward the teacher).

Similar to how multilevel scale-score reliability was recom-
mended to be defined separately for each level of measurement
(Geldhof et al., 2014), an IRR coefficient for multilevel data
should be defined for each of the levels of interest, quantifying the
degree to which ratings on each of the levels of the attribute are
affected by raters. A coefficient that “conflate[s] reliability across
levels ... will be biased to the extent that [interrater] reliability dif-
fers across levels and ... [cluster variance is] greater than zero”
(Geldhof et al., 2014, p. 89). A subject-level IRR provides infor-
mation on the degree to which the ordering of subjects within clus-
ters is independent across raters, and therefore about the ability to
differentiate among subjects within clusters. A cluster-level IRR
provides information on the degree to which the ordering of clus-
ters is independent of raters, and therefore about the ability to dif-
ferentiate among clusters. Such information is useful to inspect the
quality of rating procedures and improve these where necessary.

IRR has not been sufficiently defined for multilevel data. For
the first group of IRR coefficients, based on the number of agree-
ments and disagreements of raters, hierarchical kappa coefficients
are available for multilevel ratings (Vanbelle et al., 2012). These
coefficients describe the IRR for each attribute level separately,
but they are applicable only to ratings from two raters who rate an
attribute on a dichotomous scale. For the second group of IRR

coefficients, based on variance components, no coefficient has
been described that accommodates multilevel ratings. Due to the
lack of an appropriate alternative, researchers use available IRR
coefficients, which ignore the nested structure of the data (e.g.,
Salazar Kdmpf et al., 2018; Zee et al., 2020). Such coefficients
estimate the IRR for subject-level ratings, without controlling for
clustering effects. As a result, the estimated IRR is biased. We
name this a conflated approach because it conflates both the reli-
able and error variance from the subject and cluster levels.

To remedy this problem, we propose a method to assess IRR for
multilevel continuous ratings provided by two or more raters based
on generalizability theory (GT; Brennan, 2001; Cronbach et al.,
1963). First, we explain how IRR of continuous single-level data
is estimated using ICCs. Second, we show how GT decomposes
the total variance in multilevel observational data into cluster-,
subject-, and rater-specific variance components, and we define
IRR for the subject and cluster levels separately using these var-
iance components. We explain how both the variance components
and multilevel ICCs can be estimated with hierarchical linear mod-
els, and we also discuss the difference between our approach and
the conflated approach in more detail. Third, we evaluate a Bayes-
ian hierarchical modeling approach with Markov chain Monte
Carlo (MCMC) estimation of the proposed ICCs in two simula-
tions. Fourth, we provide an illustrative example using empirical
data on student—teacher relationships. Finally, we discuss the
results of the simulations and the illustrative example, based on
which we provide advice for applied researchers.

Interrater Reliability for Single-Level Data

The existing ICCs for estimating IRR of continuous independ-
ent observations provide an intuitive basis for estimating the IRR
of multilevel data. These coefficients are rooted in the flexible and
substantive framework of GT, and express which part of the var-
iance in a measurement is independent of raters.

GT considers a single observation as a draw from a universe of
admissible observations and identifies sources of variances in such
observations. Such sources are known as facets. These facets can
be divided into facets of generalization and facets of differentia-
tion. Sources of theoretical interest, for example, the students’
drawings in the example provided earlier, are known as facets of
differentiation. Other sources are merely a nuisance to the
researcher, for example, the raters in the examples provided ear-
lier; they are known as facets of generalization. These facets of
differentiation and generalization may differ, depending on the
purpose and design of a study. GT decomposes an observation
into the main effects of all these facets, plus all possible interaction
terms among the facets. The variability of each of these facets pro-
vides information about the relative importance of all facets in an
observation (Brennan, 2001; Cronbach et al., 1963; Shavelson
et al., 1989) and can be used to construct the most appropriate
coefficient for IRR.

Variance Decomposition

In single-level observational studies involving multiple raters,
subject is typically the facet of differentiation and rater the facet of
generalization. Let Y, be the rating of subject s as rated by rater r
on variable Y. Observation Y, can be decomposed into a grand
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mean (W), a subject effect (1), a rater effect (,), a Subject X
Rater interaction effect, and random measurement error.

If each rater assesses multiple subjects, raters are crossed with
subjects (i.e., a two-way design). If no additional facets (e.g., mea-
surement occasion) are involved, the Subject X Rater interaction
effect and the random measurement error cannot be disentangled.
So, let i, here denote a combination of the Subject X Rater inter-
action effect and random error. The decomposition of Y, equals

Yo =+ py + 1y + R ()

For example, a negative effect |, means that subject s is—on
average across raters—rated lower than the average rating L, and a
positive effect |, means that subject s is rated higher by rater r
than would be expected based on their respective subject effect,
W, and rater effect, .

If each rater assesses only a single subject, raters are nested
within subjects (i.e., a one-way design). As a result, the rater effect
1, cannot be disentangled from the Subject X Rater interaction
effect and the random measurement error. So, let [, here denote a
combination of the rater effect, the Subject X Rater interaction
effect, and random error, with r:s denoting that rater r is nested
within subject 5. The decomposition of Y,., results in

Yig = H+ Hy + Ry (2)

For example, a negative effect |, means that subject s is—on
average across raters—rated lower than the average rating i, and a
positive effect 1,., means that subject s is rated higher by rater r
than would be expected based on the subject effect, ;.

All effects in Equations 1 and 2 are assumed to be uncorrelated
and distributed with a mean of zero and unknown variance .
The total variance in ratings of different subjects by multiple raters
can thus be decomposed into the following orthogonal variance
components associated with each facet’s main and interaction
effects, that is,

2 2 2 2
oy, =0, + 0o, + 0o, 3)

for Equation 1, and

oy, = o) + 0y, @)
for Equation 2. We assume that each of the facets presented in
Equation 1 and 2 are drawn from an infinite universe of admissible
observations. Hence, we treat all of the effects from Equations 1
and 2 as random effects.

Intraclass Correlation Coefficients

The variance decompositions in Equations 3 and 4 are used for
the definitions of IRR provided in Table 1. Each definition is an
ICC (Bartko, 1966; McGraw & Wong, 1996; Shrout & Fleiss,
1979). Originally, Fisher (1954) proposed ICCs as correlations of
observations randomly drawn from the same class (here, subjects).
Because this interpretation only holds for specific ICCs, such as
the ICC for a one-way design (Bartko, 1966), a more general inter-
pretation of an ICC is the proportion of variance that can be

Table 1
ICCs for Ratings From Designs Without Clustering

Two-way design

Average or single Agreement Consistency
Averageraings ICC(A, K) = gt 1CC(C, k) = %y
Single ratings ICC(A 1) — 53+g§+02 ICC(C, 1) :cﬂzilz_
One-way design
Agreement Consistency
Average ratings ICC(k) = = +cs<;2 /k _
Single ratings 1CC(1) = 0 icz _

Note. 1ICC = intraclass correlation coefficients.

explained by the differences among the subjects. In the case of
ICCs for IRR, this is equivalent to the proportion of variance in
ratings that is independent of raters. In this article, we employ the
definition of ICCs in terms of variances. Assume we have k raters
rating each subject. The most elaborated ICC equals

62

ICC(A, k) = G%_’_—(;EJ]:G?V (5)

Other definitions of IRR are determined by removing terms from
the denominator of Equation 5 (see Table 1). Note that Equation 5
has the same structure as test-score reliability, pyy = 67/(6% + 6%)
(e.g., Lord & Novick, 1968, p. 58), in which the numerator is the sub-
ject variance and the denominator the total variance. As the subject
variance is positive by definition, and the total variance is equal to or
greater than the subject variance, the ICCs as defined in Equation 5
and Table 1 are bounded by 0 and 1.'

Agreement or Consistency

The ICC(A, k) (Equation 5) contains the Gf in its denominator,
treating the main-rater effects as a nuisance and is therefore a coeffi-
cient of absolute agreement for a two-way design (McGraw &
Wong, 1996, cf. criterion-referenced reliability; Rajaratnam, 1960).
If a researcher were interested only in the consistency of rank-order-
ing subjects (e.g., to identify the top 10% of students), the main-rater
effects would not be a nuisance (cf. norm-referenced reliability;
Winer, 2013), so Grz would be removed from the denominator of
Equation 5. This results in the ICC(C, k), which is generally higher
than ICC(A, k). In a one-way design, 5,2 and 2 cannot be disen-
tangled. Therefore, the variance in the main-rater effects cannot be
ignored, and one-way designs allow only for coefficients of absolute
agreement, labeled ICC(k) for one-way designs specifically.

Average or Single Ratings
Suppose that each subject is assessed by k raters, and that

each subject’s average rating across raters is used in

! Alternative definitions of the ICCs can be negative (see e.g., Kenny et
al., 2002).
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subsequent analyses or decision-making processes. The reliabil-
ity of subjects’ average ratings across k raters is then of inter-
est (McGraw & Wong, 1996; Shrout & Fleiss, 1979). To
achieve this, the ICC(A, k), ICC(C, k), and ICC(k) divide the
rater-related effects (i.e., 62, o2, and o2, respectively) by the
number of raters, k (Equation 5 and Table 1). The rationale for
the division by k is similar to dividing the sample variance by
N to obtain the variance of the sample mean: Sample means
vary less than individual ratings, proportional to the number of
ratings that are averaged. If a researcher uses a single rating
per subject in subsequent analyses or decision making, k = 1
and disappears from the equation; see ICC(A, 1), ICC(C, 1)
and ICC(1) in Table 1. Although k is typically fixed to the
number of raters used to estimate the variance components, dif-
ferent values of k can be used to estimate IRR of future (hypo-
thetical or real) data gathered from different numbers of raters.

Raters as Random or Fixed Effects

Rater effects p, and p, should be considered random effects if
the raters were randomly drawn from a larger population of possi-
ble raters (McGraw & Wong, 1996; Shrout & Fleiss, 1979). For
example, the raters in the introductory example were a random
sample of all the possible raters who are able to rate students’
drawings. Rater effects should be considered fixed effects only if
the raters in a study are the only possible raters in any future rating
process. Treating raters as fixed effects would affect both the esti-
mation of the variance components and the definition of the ICCs
(Brennan, 2001; McGraw & Wong, 1996). We do not consider
fixed rater effects because most observational studies in the behav-
ioral sciences use a sample of raters.

Estimation

Three general methods are readily available to estimate the var-
iance components in Equation 3, from which the ICCs in Table 1
can be derived. First, using the mean squares (MS) of each effect
in a random-effects ANOVA model (Cronbach et al., 1963; Webb
et al., 2006). This method cannot easily accommodate unbalanced
designs or missing data, and small sample sizes frequently yield
out-of-bounds (i.e., negative) estimates of small population var-
iance components (Cronbach et al., 1963; Webb et al., 2006). Sec-
ond, Marcoulides (1990) proposed to estimate the different
variance components in a GT decomposition using restricted or
full maximum likelihood estimation (MLE) with a hierarchical lin-
ear model, in which observations are cross-classified within both
subjects and raters. When using MLE, SEs and Wald-based CIs
are usually obtained using the delta method, assuming a normal
distribution (Oehlert, 1992). For bounded variables, the delta
method may be problematic as the normality assumption may be
violated, and the Wald-based Cls need not be range preserving.
Alternatively, one may resort to resampling techniques such as re-
sidual bootstrapping, which can be computationally intensive.
Third, LoPilato et al. (2015) proposed using MCMC estimation of
Bayesian hierarchical models to estimate the different variance
components and derive generalizability coefficients, which are—
similar to the ICCs—functions of these variance components.
MCMC does not assume normally distributed sample estimates of
variances, nor does it depend on asymptotic theory (Gelman et al.,

2013). Both the MLE and MCMC approaches can easily handle
missing-at-random data, which is a tenable assumption if a
planned missing data design were used (Baraldi & Enders, 2010;
Little et al., 2014; Schafer & Graham, 2002). However, a conven-
ient by-product of using MCMC estimation is that uncertainty
measures (SEs and Bayesian credible intervals) of both the var-
iance components and the ICCs are trivially simple to obtain from
the estimated posterior distribution. We elaborate more on the
MCMC approach in the following section.

Interrater Reliability for Multilevel Data

In multilevel data, clusters form a third facet, beyond subjects
and raters. For example, in the introductory example, raters rated
the drawings of students who were nested within teachers. The fac-
ets were raters, students’ drawings (the subjects), and teachers (the
clusters). The research questions involved only differences among
students’ drawings, whereas differences across teachers were
merely considered a nuisance (i.e., each class had its own teacher,
and class differences were controlled for; Zee et al., 2020). Stu-
dents’ drawings thus were a facet of differentiation, whereas raters
and teachers were a facet of generalization. If researchers also had
formulated research questions about average differences among
teachers, both students’ drawings and teachers could have been a
facet of differentiation, with only raters as facet of generalization.
For multilevel data, estimating the ICCs is more complicated than
for single-level data, because of this additional facet.

As with single-level data, the decomposition of the total variance
in a measurement (and hence the estimation of ICCs) depends on
the observational design that is used to collect data. For single-level
data, we discussed two observational designs; for multilevel data,
we discuss three commonly used observational designs.

Variance Decomposition

We discuss how GT decomposes the variance in three types of
multilevel observational designs: (a) raters are crossed with both
subjects and cluster, thus each rater provides ratings for each sub-
ject and cluster; (b) raters are nested within clusters, thus each
rater provides ratings for each subject within a single cluster; and
(c) raters are nested within both clusters and subjects, thus each
rater provides a rating for a single subject from a single cluster. As
for single-level data, we treat all facets as random effects.

Design 1: Raters Crossed With Clusters

If a design were fully crossed—that is, each rater rates each
subject who, in turn, is rated within each cluster (Table 2, Col-
umns 1 and 2)—the main effects of all facets involved (clus-
ters, subjects, and raters), and all interaction effects among
these facets could be estimated. However, in a nested design,
subjects are not crossed with clusters; each subject belongs to
a specific cluster (Table 2, Columns 3 and 4). As a result, the
interaction effects that include both subject and cluster, for
example the Cluster X Subject and the Cluster X Subject X
Rater interaction effects, cannot be disentangled from the sub-
ject and Subject X Rater effects, respectively (Cronbach et al.,
1963; Webb et al., 2006).

Let i:j denote that facet i is nested in facet j. Y:.), then
denotes the rating of subject s nested in cluster ¢ as rated by
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Table 2
Lllustration of Four Multilevel Observational Designs

Fully crossed Design 1 Design 2 Design 3
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Sy Ry
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Note. Design | = raters and subjects nested within clusters; Design 2 =
raters nested within clusters; Design 3 = raters nested within subjects and
clusters. Sy, ..., S4 = Subjects 1 to4; Ry, ..., Rg=Raters 1 to 8; Cy, C, =
Clusters 1 and 2; X = indicating that a subject belongs to a specific cluster
and is being rated by a specific rater.

rater r on attribute Y. In GT, Y., is decomposed into a
grand mean p; three main effects—y. of cluster ¢, .. of sub-
ject s nested within cluster ¢, and p, of rater —and two inter-
action effects—yp,, and .., —representing the interaction
effects of clusters and subjects (respectively) with raters. The
highest-order interaction effects, L., and .. are confounded
with cluster-level and subject-level error, respectively, similar
to - in Equation 1. The decomposition of Y. results in

Y(s:(')r =Hu + He + Hs.c + M, + Her + M(S:c)r' (6)

In this decomposition, a positive subject effect, .., for
example means that subject s is on average (across raters)
rated higher than the average rating in this subject’s cluster,
and a positive Subject X Rater interaction effect, p..» means
that rater r rates subject s higher than is expected given their
respective subject effect, Li.., and rater effect, p,. Each facet in
Equation 6 is assumed to be uncorrelated with any other facet,
and distributed with a mean of zero and unknown variance G~
Hence, the variance in multiple observations Y., is decom-
posed as

2

Oy, = Gcz + Gs?c + cer + Gczr + cy(i:c)r' N

(s:c)r

Design 2: Raters Nested Within Clusters

If each rater rates only subjects from a single cluster, both
subjects and raters are nested within clusters (Table 2, Col-
umns 5 and 6). As a result, the interaction effect that includes
both cluster and rater, p.. from Equation 6, cannot be disen-
tangled from the cluster effect, p.. This effect is therefore con-
founded with random cluster-level error. As for L, in Equation
I, and W, and W in Equation 6, the highest-order interac-
tion effect pi,.. is confounded with random subject-level error,
resulting in

Y(A'r):c =p+ e + s:c + e + '“l(.\‘r):c’ (8)

The interpretation of the effects in Equation 8 are similar to
those of Equation 6. However, L,.. now consists of three indis-
tinguishable effects: the rater main effect, the Rater X Cluster
interaction effect, and random cluster-level error. Again, each
facet is assumed to be uncorrelated with any other facet, and
distributed with a mean of zero and variance G, resulting into
the following orthogonal variance components of multiple
observations ¥/y.:

2 2 2 2 2
G(xr):c =G, + G + Sre + cy(xr):c' (9)

Design 3: Raters Nested Within Subjects and Clusters

If each rater rates only a single subject from a single cluster,
raters are nested within subjects who themselves are nested
within clusters (Table 2, Columns 7 and 8). As a result, L,
from Design 2 cannot be disentangled from ... This effect
is therefore confounded with random error, just as all the con-
founded effects in Design 1 and Design 2, resulting in

Yr:.\':L' =H + He + Hg:c + Hygee (10)

The interpretations of the effects in Equation 10 are similar to
those of Equations 6 and 8. However, L,.... now consists of four
indistinguishable effects: the rater main effect, the Rater X Cluster
interaction effect, random cluster-level error, and random subject-
level error. Again, each facet is assumed to be uncorrelated with
any other facet, and distributed with a mean of zero and variance
o2, resulting into the following orthogonal variance components
of multiple observations Y,...:

Grzzszc = Gcz + Gs?u + Grzzs:c' (1 1)

Intraclass Correlation Coefficients

To estimate IRR of multilevel data, a researcher should first
decide which levels are of interest in subsequent analyses. Raters
should always be the facet of generalization, but the facet of
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differentiation can be subjects, clusters, or both. For each of these
two levels, IRR should be estimated separately.

Subject-Level IRR

IRR coefficients of subject-level attributes are defined using
the variance decomposition from Equations 7, 9, or 11. Similar
to the coefficients in Table 1, each definition is an ICC expressing
the proportion of subject-level variance independent of raters. The
most elaborated ICC is a measure of interrater agreement for aver-
age ratings (cf. the ICC(A, k) from Equation 5), which equals

02

ICC,(A, k) :W (12)
GS:L’ + T

where the subscript s after the ICC indicates a subject-level
ICC. ICC (A, k) does not contain any cluster-related variance
components (i.e., 62 or 62) because the ordering of subjects
within clusters is independent of cluster-related effects.

Other definitions of subject-level IRR are obtained by removing
terms from Equation 12. Similar to Table 1, Table 3 distinguishes
between measures of agreement and measures of consistency by
(not) incorporating the main-rater variance in the denominator and
between the IRR of average or single ratings by scaling the rater-
related components by the (possibly hypothetical) number of raters
per subject.

Equation 12 refers to Design 1, in which raters are crossed
with subjects and clusters. If raters were nested within clusters
(Design 2), o7 would be replaced by o7, and the variance of

the Subject X Rater interaction effect in the denominator would

change from G%M)r to G%”):C (Table 3, top panel). If raters were

nested within both subjects and clusters (Design 3), the variance
of the main rater effect, 62 or 67, cannot be estimated. Hence,
Table 3

Representation of the Subject-Level and Cluster-Level ICCs

only the ICC;(k) and ICC(1) can be estimated for such designs
(cf. the one-way design for single-level data).

Cluster-Level IRR

Similar to subject-level IRR coefficients, IRR coefficients of
cluster-level attributes are defined using the variance components
of Equation 7. For cluster-level IRR coefficients, the interest is the
ordering of clusters by different raters, captured by |L.,.. Therefore,
only Design 1 (raters crossed with clusters), is sufficient. Designs
2 and 3 are not interesting.

Similar to subject-level ICC, the most elaborated ICC is a mea-
sure of interrater agreement for average ratings, which expresses the
proportion of cluster-level variance independent of raters; that is,

62

ICC (A k) = ——&——, 1
CC.(A, k) e (13)

where the subscript ¢ after the ICC indicates a cluster-level
ICC. ICC.(A, k) does not contain any subject-related variance
components (i.e., 62, or G%Y:C>r) because the ordering of clusters

across raters is independent of subject-related effects. Similar to
the ICCs from Table 1 and to the subject-level ICCs, measures of
consistency and/or single ratings are determined by removing
terms from Equation 13 as shown in the bottom panel of Table 3
For simplicity, we assume the same number of raters are nested
within each cluster, so that k represents the number of raters per
cluster rather than the total number of unique raters.

Multilevel Versus Conflated ICCs

If higher-order effects remain unmodelled, the variances of
higher-order effects are absorbed by the variances of lower-
order effects (Moerbeek, 2004). For multilevel observational

Subject level

Type of ICC Raters crossed Raters nested in clusters Raters nested in subjects
Agreement
gAverage ratings ICC, (A, k) = oh ICC(A, k) = e ICC4(1) = = ot
S\ T o2, +(o2 +rrf“)r)/k S\h T o2, + (o2, +”f’”—),()/k s ) T ol .t+ol [k
. . > 2 2
Single ratings ICCy(A, 1) = +c§:rcz ICCi(A, 1) = +:Zm+ St e =g (1“62
8¢ r (s:c)r sie rie sr):c s risic
Consistency . . )
Average ratings ICC,(C, k) = - f;;é /k 1CC,(C, k) = - f;E - _
sie T s e T %oy
Single ratings ICG,(C, 1) = iya ICG(C, 1) = —Gz:Ié’ _

(sr)ee

Cluster level

Raters crossed

Raters nested in clusters Raters nested in subjects

Agreement

Average ratings ICC.(A, k) = GEH;& e

ICC(A, 1) = 5%

Single ratings
62 +02+ 02,

Consistency
Average ratings ICC(C, k) = = f{iz .
Single ratings ICC.(C, 1) = rs’i_zaz

cr

Note. 1CC = intraclass correlation coefficients.
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data, cluster variance, 03, is conflated with subject variance,
2 . Also, rater-related variance at the cluster-level, o2

Gs:c' cr? 18

conflated with rater-related variance at the subject-level, G%S:C)r.

The conflated ICC of interrater agreement, defined in terms of
the multilevel variance decomposition of Equation 7 equals

2 2
Os.c + S

2 2 2"
cl+0o’,,tog

ICCeont(A, k) = (14)

2 2 (s:¢)
G.\‘:c + Gc + k

If the cluster variance is nonzero, the rater variance in Equation
14 has less influence on the ICC compared with any of the multile-
vel ICCs. Also, if the proportion of rater-related variance differs
between the subject-level and the cluster-level, subject-level and
cluster-level ICCs are necessarily different from each other and
from a conflated ICC. Hence, a conflated approach likely yields bi-
ased estimates of the IRR at each of the attribute levels of interest.
The conflated approach should therefore be avoided when working
with multilevel data.

Estimation

As for single-level ratings, the variance components for IRR
coefficients of multilevel ratings can be estimated using ANOVA
decomposition (i.e., mean squares), MLE, and MCMC estimation.
We showed that Equation 3 can easily be extended to multilevel
designs by specifying subjects as nested within clusters. To esti-
mate the variance components of Equations 7, 9, or 10, from
which the subject and cluster-level ICCs can be derived, raters
should—depending on the observational design—be specified as
either crossed with or nested within clusters or subjects. Because
MCMC readily provides uncertainty measures for the ICCs and
random-effect variances without assuming a specific form for the
distribution of sampling variability, we focus only on MCMC and
ignore the ANOVA and MLE approaches.

Let 0 denote a model’s vector of parameters, and let ¥ denote
the data. MCMC estimates the posterior distribution of the model
parameters given the data, P(0Y), as proportional to the product
of the prior probability distribution of parameters, P(0), and the
likelihood of the data conditional on the parameters, P(Y |0). That
is, P(0]Y)  P(0)P(Y |0) (Gelman et al., 2013).

With MCMC algorithms, all unknown quantities can be esti-
mated simultaneously. Using the model in Equation 6 (Design 1)
as an example, this involves the mean of Equation 6 (p), the var-
iance components from Equation 7 (2, 62, 62, and 62), and a
vector for each random effect from Equation 6, except for the low-
est-level residual confounded with error, (p.,)); that is,

4 1y Hy
Ha Ha H
B, = . y Mge = . y by = . , and
He Hg Hg
i1
Hi2
Ko = : . (15)
Her

The mean, variances components, and random effects are stored
in the concatenated parameter vector 0,

2

s%c Gr2 Gt'r "’;r "’;rc ll,T u;l'-r)7 (16)

0 =(p o> o

that is estimated by sampling from the joint posterior distribution
PO]|Y).

The likelihood of the data P(Y(s),|0) is modeled as univariate
normal, conditional on all parameters that are estimated in 0:

Y(x:c)r ~ N(f/(s:c)ﬁ 0-2 ) (17)

(s:0)r

The mean of each observation’s univariate likelihood is the vec-
tor of expected values for ¥(y.),, calculated as the sum of all esti-
mable random effects in Equation 6; that is,

Y(A\':c)r = ﬂ + ﬁz' + ﬂ.s‘:c + ':Lr + ':L('r’ (18)

Similarly, for Design 2, }A’(S,):C, is the sum of all estimable ran-
dom effects in Equation 8 (i.e., all random effects except (g).c)s

and for Design 3, f/mc, is the sum of all estimable random effects
in Equation 10 (i.e., all random effects except LL,...).

Treating random effects as parameters to be estimated, the cor-
responding variance components of Equations 7 (Design 1), 9
(Design 2), or 11 (Design 3) are hyperparameters that require their
own prior distributions, called hyperpriors. These hyperprior dis-
tributions can be uninformative (or weakly informative) to allow
the posterior to be influenced overwhelmingly by the data. The
model estimates are then similar to estimates that would be
obtained with MLE. More informative hyperprior distributions can
be specified to incorporate prior beliefs (e.g., based on previous
research or theoretical expectations).

This MCMC approach provides Bayesian credible intervals
(BCI) of both the variances components and the ICCs derived
from them. These BCIs quantify the precision with which the
variance components and ICCs are estimated (cf. LoPilato et al.,
2015). Several approaches are available to derive these BCIs
from the empirical posterior distribution. For example, percen-
tiles as limits, or kernel density estimators to obtain highest pos-
terior density (HPD) limits. These approaches may yield very
different results when the posterior is bimodal or nonsymmetri-
cal (e.g., skewed; for a brief discussion see Gelman et al., 2013,
p- 33).

Simulation 1

In this study, we investigated the convergence, bias, coverage
rates, and precision of the proposed MCMC estimation procedure
under different levels of the magnitude of variance components
and sample sizes. Using these criteria, we expected better esti-
mated IRR coefficients as sample size or magnitude of a variance
component increased. We made some arbitrary yet realistic
choices in our design factors to keep the computation time and
number of results feasible.
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Method
Data Generating Process

We used the R software environment (R Core Team, 2019) to
generate data from Equation 6 using the parameters in Equation 7,
which represents Design 1 in which raters are crossed with clus-
ters. We fixed the population values of the following variance
components . = 1, 6, = 0.16, and 6, = 0.50, whereas we
varied o2 and 2, as well as the number of clusters, the number
of subjects per clusters, and the number of raters.

Independent Variables

The main-cluster variance 2 and main-rater variance o, had
two levels, representing a relatively small value (.16) and a moder-
ate value (.50). The sample sizes were mostly informed by our em-
pirical example data, which we will elaborate on in the following
section. The number of clusters, N,, had two levels: 20 and 40.
Multilevel literature usually suggests a sample size of at least 30
clusters to estimate random effects in univariate models (Hox,
1998; Snijders & Kenny, 1999). Social and behavioral research—
especially studies requiring multiple raters to obtain information
about subjects—typically involve small sample sizes. To reflect
practice, we simulated small (N, = 20) and modest (N, = 40) num-
bers of clusters. The number of subjects per cluster, Ny, had two
levels: 10 and 30, representing a small or moderate cluster size,
respectively. Because the total sample size equals N = N, X N,
N, and Nj affected the total sample size, which ranged from 200 to
1,200. The number of raters, k, had three levels: 2, 5, and 10. The
minimum number of raters required to estimate the IRR equals k =
2, because multiple raters per subject are needed. However, previ-
ous research showed that k = 2 yields biased estimates for both
variance components and ICCs (Gelman & Hill, 2006; Ten Hove
et al., 2020). We therefore included k = 2 as a benchmark, and
selected £ = 5 and 10 to evaluate whether the ICC estimates
improved when more raters provided information about the same
number of subjects and clusters.

The simulation design was fully crossed, resulting in 2 (GCZ) X
2 (Gf) X 2 (N, X 2 (Ng) X 3 (k) = 48 conditions, for each of
which we simulated 1,000 replications. The resulting population
ICCs per condition varied from .50 to .95 at the subject level and
from .20 to .97 at the cluster level (see Online Supplement S1).
Given that most cross-sectional social and behavioral science stud-
ies show small proportions of variance at the cluster level (see,
e.g., Snijders & Kenny, 1999, p. 18), which makes rater-related
variance components more influential on cluster-level ICCs com-
pared with subject-level ICCs, we expected that this lower range
of cluster-level reliability was realistic.

Parameter Estimation

We used MCMC estimation in the Stan software (Stan Develop-
ment Team, 2017) with the R package rstan (Version 2.18.2;
Stan Development Team, 2018); which uses a No-U-Turn sampler
(NUTS; Hoffman & Gelman, 2014). Our Stan program estimated
random-effect SDs rather than random-effect variances (i.e., var-
iance components), from which we derived the variance compo-
nents and ICCs. In the following, we therefore focused on the
hyperprior distribution and estimated posterior distribution of the

random-effect SDs instead of that of the random-effect variances.
To make sure the posterior distributions of the random-effect
SDs (G, Osc, Or; Ocr, and O(y),) were mainly influenced by
the data, we specified weakly informative half-r (df = 4, loca-
tion = 0, scale = 1) hyperprior distributions for the random-
effects SDs. These hyperprior distributions typically result in
less biased and more efficiently estimated ICCs, compared with
often used uniform hyperprior distributions. This is especially
the case in conditions with small samples, such as in studies
with few raters (Ten Hove et al., 2020).

We used three independent chains of 1,000 iterations, half of
which served as burn-in iterations, the other half were saved in
each chain. This resulted in a sample of 1,500 iterations to esti-
mate each parameter. If the three independent chains did not mix
well according to the potential scale reduction factor, R, criterion
of R < 1.10 (Gelman et al., 2013), we doubled the number of
burn-in iterations. This was repeated until the model converged, or
did not converge after the limit of 10,000 burn-in iterations was
reached, in which case the replication was discarded. Thereafter,
we checked the efficient sample size using Nz > 100 as a crite-
rion of a sufficient effective sample size (Gelman & Hill, 2006).
When the effective sample size was insufficient, we increased the
number of post burn-in iterations based on the lowest Neg with a
factor of 120/min (Negr).

Because for ICCs, maximum a posteriori (MAP) estimates typi-
cally have less bias than expected a posteriori (EAP) estimates
(Ten Hove et al., 2020), we used the MAP estimates as point esti-
mates. We obtained these estimates from the posterior distribu-
tions of the parameters using the modeest package (Poncet,
2019) and estimated the 95% BClIs using percentiles as limits
(Gelman et al., 2013; Ten Hove et al., 2020). Our software code
and data are available on the Open Science Framework (OSF):
https://osf.io/bwk5t/

Dependent Variables

We evaluated the convergence, relative bias, 95% BCI coverage
rates, and relative efficiency of the estimated ICCs.

Let O denote the average MAP estimate of a parameter (or
derived ICC) across replications in a condition, and 6 denote the
population parameter in that condition. Relative bias was com-
puted as ef;e, and we used relative bias >.05 as indicating minor
bias, and >.10 as indicating substantial bias. For the 95% BCI
coverage rates, we used Agresti-Coull confidence intervals
(Agresti & Coull, 1998) to evaluate whether the 95% BCI cover-
age rates differed statistically significantly from 95%; we consid-
ered a coverage rate < 90% to be of practical significance. For the
relative efficiency, we calculated the ratio of the average posterior
SD—analogous to the SE of a ML estimate—relative to the SD of
the posterior means—an indicator of actual sampling variability of
an estimate.? Preferably, this ratio equals 1, indicating accurate
estimates of variability. We used relative efficiency <.90 or
>1.10 as indicating minor under- or overestimation of the poste-
rior SDs, and relative efficiency <.80 or >1.20 as indicating

2 We emphasized the difference between random-effect SDs (denoted by
G in the results section), which quantify the variability of the random
effects, and the posterior SDs, which quantify the uncertainty about the
estimated parameters (the random-effect SDs and the ICCs).
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substantial under- or overestimation of the posterior SDs. To find
the source of substantial bias, or substantial inefficiency in an ICC,
we investigated the relative bias and relative efficiency in the rele-
vant random-effect SDs.

Results

Because of the large number of results (i.e., 48 conditions X (8
ICCs + 5 random-effect 6s) = 624 values per dependent variable)
we present only a summary of the simulation results. We focused
on the conditions with low 2 and &2 because the bias and ineffi-
ciency were most severe in these conditions. Trends across the
other design factors were similar in conditions with larger variance
components. The complete results are available in Online
Supplement S2.

Convergence

In 36 conditions, the convergence rate was 100%. In 12 condi-
tions, the convergence rate was between 99% and 100%. Condi-
tions with nonconverging replications were characterized by low
cluster-level variance and a high number of clusters. Nonconver-
gence resulted in discarding 33 replications, so the results are
based on the remaining 47,967 replications.

Relative Bias

Figure 1 shows the relative bias of the ICCs across conditions
with low o2 and 2. Subject-level ICCs showed negligible
bias, whereas in several conditions cluster-level ICCs showed
minor or substantial underestimation. Most notably, underestima-
tion decreased as the number of raters increased. Furthermore,
underestimation was more severe for ICCs of agreement than
for ICCs of consistency, and underestimation decreased when
average ratings rather than a single rating were used. The differ-
ences in either the number of clusters or the number of subjects
per cluster slightly affected the bias, with less bias for larger
sample sizes. However, these factors were not as influential as
the number of raters, or the differences between the level of the
ICCs or the types of ICCs. Among the random-effect SDs, o,
showed the largest underestimation (up to 30%), and o, also
showed substantial underestimation.

95% BCI Coverage

The 95% BCls yielded significantly (but not practically signifi-
cant) low coverage rates for both subject-level ICCs and cluster-
level ICCs of agreement in most conditions with two raters, and
for subject-level ICCs of agreement in few conditions with five
raters. The 95% BCls yielded significantly (but not practically sig-
nificant) high coverage rates for cluster-level ICCs of consistency,
in conditions with a minimal number of raters and few clusters. In
all other conditions, and for all other ICCs, 95% BCI coverage
rates were nearly nominal.

Relative Efficiency

Figure 2 shows the relative efficiency of the ICCs across condi-
tions with low G,.z and low 602. The posterior SDs of the subject-
level ICCs of agreement were too high, but the inefficiency
decreased when the number of raters increased. The posterior SDs
of the subject-level ICCs of consistency resembled the sampling

variability of these ICCs. The posterior SDs of the cluster-level
ICCs of agreement were too high only in conditions with two
raters. In all other conditions, and for all cluster-level ICCs of con-
sistency, the posterior SDs well approximated the actual sampling
variation of the ICCs. The number of clusters and the number of
subjects per cluster affected the efficiency only negligibly. Among
the random-effect SDs, the posterior SD of o, was substantially
overestimated in conditions with few raters.

Discussion

Simulation 1 investigated MCMC estimates of the proposed
multilevel IRR coefficients, and showed that the proposed method
provides unbiased estimates of subject-level ICCs for almost all
conditions. These ICCs were only moderately underestimated in
conditions with a minimum number of raters. The bias of cluster-
level ICCs was more severe, and mostly for ICCs of agreement,
specifically in conditions with fewer raters and little cluster-level
variance. The posterior SDs of the ICCs were typically overesti-
mated in conditions with a small number of raters. Thus, condi-
tions with underestimated ICCs tended to be the same conditions
with overestimated posterior SDs, resulting in adequate or only
slightly too high BCI coverage rates.

The estimation problems in conditions with a minimal number
of raters are to be expected because estimation of random-effect
variance components stabilizes in larger samples (Gelman & Hill,
2006; McNeish & Stapleton, 2016). This implies that researchers
should use k > 2 raters to collect ratings. However, a rating proto-
col might be too time-consuming to be feasible in practice. To bal-
ance the need for more raters to inform rater-variance estimates
against the need to minimize the burden on raters, it might be suf-
ficient to randomly sample a few raters from a larger pool of raters
to rate each subject. From the perspective of a planned missing
data design (Graham et al., 1996; Graham et al., 2006; Jorgensen
et al., 2014), this is equivalent to a fully crossed design (cf. Design
1) with more raters, but randomly selecting a subset of raters for
each subject. This has several advantages. First, it provides more
information about raters to estimate the variance of their random
effects, which presumably improves the estimation of the ICCs
(McNeish & Stapleton, 2016). Second, the same total number of
ratings (per subject and overall) can be dispersed among more
raters, resulting in less burden for each rater. Such an approach
reflects current research practices in which each subject is typi-
cally assessed by only a subset of the raters involved in a study
(Viswesvaran et al., 2005).

Simulation 2

As a follow-up, we evaluated whether a planned missing data
design, in which each subject is assessed by a randomly assigned
subset of raters from a larger rater pool, improves ICC estimates.

Method

Apart from the design factors, the data-generating process was
equal to the data-generating process of Simulation 1. We replicated
the condition of Simulation 1 that yielded the poorest estimates in
terms of bias and coverage. The following variance components
had the same values as in Simulation 1: 52 = 0.16 and 5,2 = 0.16,
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Figure 1
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Relative Bias of the ICCs for GCZ = 0.16 and Grz = 0.16, for Two (Dashed Segments), Five (Solid Segments), and 10 (Dotted Segments)
Raters, at Both Cluster Level (Black Triangles) and Subject Level (White Triangles), for Four Levels of Sample Size (200, 400, 800, and
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Note. Different levels of sample sizes are constructed from two levels of number of subjects per cluster (N; 10 and 30) and two levels of number of clus-
ters (N.; 20 and 40). The y-axes differ across graphs to facilitate reading. white areas = substantial bias (>10%); light-gray areas = minor bias (5%—
10%); dark-gray areas = negligible bias (<5%). ICC = intraclass correlation coefficients.

with G_fc =1, cfr =0.16, and (Y(%T)r = 0.50. We included only
the smallest sample sizes: N, = 20 clusters and N, = 10 subjects per
cluster, and we varied only the number of raters per subject and the
size of the pool of raters in a fully crossed design (Design 1). The
size of the rater pool had two levels: kK = 5 or 10. The number of
raters per subject had two levels: k; = 2 or 3. The raters for each
subject were randomly drawn from the pool of raters. This simu-
lated random assignment in a planned missing data design. Data
analysis proceeded as in Simulation 1.

Results

We present a summary of the results. The complete results are
available in Online Supplement S3.

Convergence

Nonconvergence occurred for < 2% of the replications in both
conditions with two raters per subject, resulting in N = 32

discarded replications. In both conditions with three raters per sub-
ject, all of the replications converged to a solution. The following
results are therefore based on the 3,968 converged replications.

Relative Bias

Figure 3 shows the relative bias of the ICCs across all con-
ditions of Simulation 2, and—for comparison—the relative bias
for k = 2 from Simulation 1. Subject-level ICCs were unbiased
across conditions, which resembled the results for k¥ = 2 in
Simulation 1. Cluster-level ICCs of agreement were substan-
tially underestimated in all conditions, whereas cluster-level
ICCs of consistency showed negligible (average ratings) and
minor (single ratings) underestimation. However, the underesti-
mation diminished noticeably compared to the conditions with
k = 2 from Simulation 1. The difference between a rater pool
of five or 10 raters was negligible but sampling three instead
of two raters per subject considerably decreased the bias, espe-
cially for cluster-level ICCs of agreement.
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Figure 2

TEN HOVE, JORGENSEN, AND VAN DER ARK

Relative Efficiency of the ICCs for o? = 0.16 and c? = 0.16, for Two (Dashed Segments), Five (Solid Segments), and 10 (Dotted
Segments) Raters, at Both Cluster Level (Black Triangles) and Subject Level (White Triangles), for Four Levels of Sample Size (200,

400, 800, and 1,200)
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Note. Different levels of sample sizes are constructed from two levels of number of subjects per cluster (N; 10 and 30) and two levels of number of clus-
ters (N,; 20 and 40). The y-axes differ across graphs to facilitate reading. white areas = substantial inefficiency (>20%); light-gray areas = minor ineffi-
ciency (10%—-20%); dark-gray areas = negligible inefficiency (<10%). ICC = intraclass correlation coefficients.

95% BCI Coverage

The 95% BCI coverage rates of both the subject and cluster-
level ICCs were nominal in all conditions. This is an improvement
compared with the significantly (but not practically significant)
low coverage rates of the ICCs of agreement in Simulation 1.

Relative Efficiency

Figure 4 shows the relative efficiency of the ICCs across all
conditions of Simulation 2, and—for comparison—the relative ef-
ficiency for the conditions with k = 2 from Simulation 1. The pos-
terior SDs of subject-level ICCs of agreement were substantially
overestimated, whereas those of the subject-level ICCs of consis-
tency resembled the sampling variability of these ICCs. This
resembled the results for k = 2 from Simulation 1. However, the
inefficiency of the subject-level ICCs of agreement diminished
considerably in the conditions with a planned missing data design.
The posterior SDs of the cluster-level ICCs resembled the

sampling variability of these ICCs, which was a substantial
improvement compared to the substantial and minor inefficiency
of the posterior SDs in conditions with k = 2 from Simulation 1.
The size of rater pool and the number of sampled raters per subject
affected the relative efficiency of the ICCs only negligibly.

Discussion

Simulation 2 investigated whether a planned missing data
design improved the ICC estimates in a situation with few raters
per subject. The results showed a slight drop in convergence for
conditions with a high proportion of missingness; however, the
estimated ICCs improved regarding all other criteria. Both bias
and efficiency of all ICCs improved substantially when as few as
two raters per subject were sampled from a larger pool of raters,
rather than assigning the same two raters to each subject. Only the
cluster-level ICCs of agreement were still substantially underesti-
mated, and the posterior SDs of subject-level ICCs of agreement
remained too high.
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Figure 3
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Relative Bias of the ICCs in a Planned Missing Data Design for Two (Solid Segments) and Five (Dashed Segments) Raters per Subject,
at Both Cluster Level (Black Triangles) and Subject Level (White Triangles), for Three Levels of the Total Rater Pool (2, 5, and 10)
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Assuming interchangeable raters are available, estimation diffi-
culties of the multilevel ICCs can thus be diminished with a
planned missing data design. This implies not only that researchers
should use more than two raters for their study, which would
actually decrease the burden for each individual rater. For maxi-
mally efficient allocation of the costs of collecting data, each sub-
ject could be assessed by a small random subset of raters, which
reflects current research practices (Viswesvaran et al., 2005).

Some bias remained in estimating cluster-level ICCs of agree-
ment. This seems reasonable because we generated data resem-
bling the most problematic condition from Simulation 1. In this
condition, both the cluster and rater-level variance was low. Low
variance implies less information to sample from, which often
results in estimation difficulties (Gelman, 2006; McNeish & Sta-
pleton, 2016). Moreover, in these cluster-level ICCs, the poorly
estimated variance of rater effects appears more influential than
the relatively low variance in the cluster effects. We expect that
cluster-level ICCs of agreement from a planned missing data
design would be estimated more accurately when the magnitude of
variance of cluster main effects is sufficiently higher than the

variance of rater main effects. Moreover, we used weakly informa-
tive hyperpriors on the random-effect SDs. It may be reasonable to
use more informative hyperpriors for studies in which high or low
variability is expected for a specific facet. Future research could
therefore investigate whether more informative hyperpriors for the
random-effect SDs can improve the MCMC estimation of the
ICCs.

Ilustrative Example

To illustrate the use of the proposed method, we estimated the
IRR of data about student-teacher relationships using both the
conflated ICCs and the newly proposed ICCs for multilevel data.
These data were collected from students who drew a picture of
themselves with their teacher. A pool of independent raters rated
these drawings on each of eight student—teacher relationship
dimensions (for the original study, see Zee et al., 2020). Because
rater-related effects can attenuate the relation between the
observed attribute and other student (or teacher) related character-
istics, it is vital to estimate the IRR of the student-teacher
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Figure 4
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Relative Efficiency of the ICCs in a Planned Missing Data Design for Two (Solid Segments) and Five (Dashed Segments) Raters per
Subject, at Both Cluster Level (Black Triangles) and Subject Level (White Triangles), for Three Levels of the Total Rater Pool (2, 5, and
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coefficients.

relationship dimensions. The IRR provides information about the
quality of the rating procedure, and the degree to which the esti-
mated associations between the student—teacher relationship
dimensions and other student or teacher characteristics are attenu-
ated by rater effects.

Method
Design and Measures

The N = 789 upper-elementary school students drew a picture
of themselves with their teacher (N = 35), and the number of stu-
dents per teacher ranged from 8§ =N, =29, (M = 21.83, SD =
4.19). The drawings were rated on eight student—teacher relation-
ship dimensions on a 7-point Likert scale ranging from low to high
by K = 8 raters (for more information on the constructs and the rat-
ing procedure, see Zee & Roorda, 2017). Raters were crossed with
both students and teachers (Design 1), albeit using a planned miss-
ing data design. Each student’s drawing was assessed by three

raters, but raters were not perfectly balanced over the drawings per
teacher (i.e., cluster). Each teacher’s drawings were rated by five
raters in total. For each teacher, one rater rated all the drawings,
and four raters each rated half of the drawings.

We made an agreement with the researchers who collected these
data that we would share data about only a single variable from a
random subset of N, = 8 students per teacher on the OSF. The fol-
lowing results are therefore based on drawings from a subsample
of 35 (N.) X 8 (IV;) = 280 students, and we discuss the IRR of
only one of the eight student—teacher relationship dimensions,
namely emotional distance/isolation, hereafter named emotional
distance. These are multilevel data because students (the subjects)
were nested within teachers (the clusters), and the clustering effect
was substantial. Approximately 15% of the total variance was at
the teacher level ?

3 This percentage of teacher-level variance includes both the cluster
(i.e., teacher) variance and the Rater X Cluster Variance.
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Analysis Plan

We estimated both the conflated ICCs (Table 1) and the pro-
posed subject and cluster-level ICCs from Table 3, for purposes of
comparison. We estimated the ICCs of both consistency and
agreement, but solely discuss the estimates for average ratings
because the average scores across multiple raters were used in the
original study on student—teacher relationships. For purposes of
completeness, the estimated ICCs for single ratings are provided
in Online Supplement S4. As the number of raters per clusters was
unbalanced, we used k = 3 and k = 5 as a conservative and liberal
estimate, respectively, to estimate the cluster-level ICCs of aver-
age ratings.

We estimated the variance components in Equations 3 and 7
using Bayesian hierarchical models. We used MAPs as point esti-
mates and posterior percentiles as limits for the 95% BCls. We
also estimated MLE point-estimates for all random effect SDs and
ICCs, using the R software package 1me4 (Bates et al., 2015), to
inspect how the results from our proposed MCMC estimation
method compare with those that would be obtained using MLE.

We interpret the ICCs using the fixed benchmarks of Koo and Li
(2016), who suggested that ICC = .50 is poor, .50 <ICC=.75 is
moderate, .75 <ICC = .90 is good, and ICC > .90 is excellent. We
emphasize that the interpretation of IRR coefficients in terms of
their practical implications (e.g., effect on predictive validity) is
preferred over the interpretation of IRR coefficients in terms of
fixed benchmarks. However, investigating the practical implica-
tions of the IRR of the ratings is beyond the scope of this article.

Results and Discussion

We provide only the MCMC estimates, and diverted the MLE
estimates to Online Supplement S4 because they resembled the
MCMC estimates.

Conflated IRR

The first column of Table 4 shows the estimated variance com-
ponents of the emotional distance attribute, which do not account
for any cluster-related effects. These conflated estimates show that
most variance can be assigned to average differences among stu-
dents, and the least variance can be assigned to average differences
among raters. The Student X Rater component, which is conflated
with random error, was the highest of the two rater-related
components.

Table 5 shows the IRR estimates that are derived from the pos-
terior distributions of the variance components from Table 4. The
conflated ICCs in the top row suggest the IRR of both agreement
and consistency were good and excellent, respectively, meaning
that both absolute and relative ordering of subjects is reliable if av-
erage ratings across three raters are used. However, based on the
95% BCIs we could not reject a null hypothesis of moderate
agreement.

Multilevel IRR

The multilevel variance decomposition (Table 4, Column 3)
shows that most variance was associated with average differences
among individual students. Only a small portion of variance could
be explained by average differences among teachers or raters, and

Table 4
Variance Decomposition of the Emotional Distance Measure
Conflated MLM

Variance component MAP BCI MAP BCI
Student 1.63 [1.37,1.95] 1.38 [1.16, 1.76]
Teacher — — 0.17 [0.07, 0.53]
Rater 0.24 [0.12, 1.20] 0.24 [0.12, 1.16]
Student X Rater 0.48 [0.42, 0.54] 0.45 [0.39, 0.51]

Teacher X Rater —

0.03 [0.01, 0.07]

Note. MLM = multilevel model; MAP = maximum a posteriori estimate;
BCI = Bayesian credible interval.

a negligible portion of variance is explained by the Teacher X
Rater interaction effect.

Table 5 shows the estimated teacher and student-level ICCs,
which were derived from the posterior distributions of the variance
components in Table 4. The student-level ICCs indicated a good
or excellent IRR, and resembled the conflated IRR estimates,
meaning that both absolute and relative ordering of students within
classes was reliable if average ratings across three raters are used.
The association of students’ emotional distance with other student-
level variables would then be only slightly attenuated by rater-
related noise. However, as with the conflated IRR, we could not
reject a null hypothesis of moderate population interrater agree-
ment at the student level. Nonetheless, the employed rating proto-
col is promising when researchers are interested in the differences
among students within clusters, assuming multiple raters assess
each student’s drawing.

This example showed negligible differences between the sub-
ject-level IRR and conflated IRR. The number of clusters (35) was
quite small relative to the number of subjects (280), so the subject-
level variances dominated the conflated ICCs. Conflated ICCs
would differ more substantially from both cluster- and subject-
level ICCs in the case of many small clusters (an extreme example
would be dyadic data, with cluster sizes of two), to the degree that
rater and Rater X Subject effects imply different IRR across
levels.

The cluster-level ICCs of agreement indicated moderate IRR
for average ratings across three ratings, and good IRR for average
ratings across five ratings. The wide 95% BClIs were consistent
with a wide range of population values for cluster-level IRR of
rater agreement, which complicates the interpretation of these
coefficients. The rating protocol would thus require improvement
if researchers were interested in the absolute differences among
students’ emotional distance from their teachers. The teacher-level
ICCs of consistency indicated excellent IRR which was estimated
with little uncertainty, and considerably higher than the conflated
IRR. Based on the IRR, this rating protocol thus seems useful to
relatively order teachers on their emotional distance from their
students.

Consistent with the simulations, most uncertainty stemmed
from the estimation of &,, which was probably due to a combina-
tion of low variability and few raters. Cluster-level ICCs of agree-
ment were substantially and significantly lower than the conflated
or subject-level ICCs of agreement, whereas the cluster-level ICCs
of consistency were significantly higher than the conflated ICC.
The results in Online Supplement S4 show an even larger
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Table 5
IRR Estimates of Average Ratings of the Emotional Distance
Measure for k = 3, and k. = 3 or k. =5

ICC(A, k) ICC(C, k)
Level MAP BCI MAP BCI
Conflated (k = 3) 87 [.74, .90] 91 [.89, .93]
Student level (k = 3) 85 [.72. .89] 91 .88, .93]
Teacher level (k = 3) 71 [.24, .86] 96 [.83, .98]
Teacher level (k = 5) 80 [.35..91] 98 .89, .99]

Note. 1IRR = interrater reliability; ICC = intraclass correlation; MAP =
maximum a posteriori; BCI = Bayesian credible interval; k = number of
raters.

difference across conflated and multilevel ICCs of single ratings.
This indicates that cluster-level IRR can be either under- or over-
estimated by conflated ICCs.

General Discussion

We proposed, tested, and illustrated a readily applicable and
useful approach to estimate the IRR of multilevel data. This prom-
ising approach can assist researchers in improving their data qual-
ity by inspecting the degree to which subject and cluster-level
attributes in their data are dependent on raters. Because of the
potential differences between conflated IRR coefficients—which
ignore cluster-related effects—and subject or cluster-level IRR
coefficients, we argued that it is important to estimate IRR sepa-
rately for each level of the data (consistent with advice on scale
reliability; Geldhof et al., 2014).

The proposed method appears useful in typical social and be-
havioral research because it performs adequately even with modest
sample sizes and missing data. Whereas selecting two raters is per-
haps the most common choice when investigating IRR (possibly
because early IRR coefficients such as Cohen’s kappa were
designed only for k = 2), our simulation revealed that this is not
the best design choice when estimating ICCs (which can accom-
modate any k = 2; also see Ten Hove et al., 2020). For coefficients
of consistency, only the conditions with two raters per subject
showed biased estimates, and solely at the cluster level. Simulation
2 showed that this can easily be resolved with a planned missing
data design, by randomly sampling as few as two raters per subject
from a larger pool of (as few as five) raters. The same held for
ICCs of agreement at the subject level, although those estimates
were somewhat inefficient. However, even when using a planned
missing data design to maximize raters per subject while minimiz-
ing the burden per rater, cluster-level ICCs of agreement remain
slightly underestimated when data are collected from few raters.
The proposed ICCs thus appear most useful when more than two
raters are available and the interest is in interrater reliability at the
subject level, or interrater consistency at the cluster level.
Researchers who estimate the IRR using ICCs could begin with a
pilot study—including a subsample of subjects—in which at least
three raters assess the subjects. Based on the results of this pilot
study, decisions could be made about the number of raters that is
required to assess the full sample of subjects or about potential
improvements to the rating procedure.

Currently, the proposed estimation procedure is only applicable
to continuous data because the models we used assume normally

distributed attributes (which are sums of normally distributed ran-
dom effects). However, this approach can be extended to binary
and ordinal responses, by assuming a normally distributed latent
variable underlying the observed binary or ordinal responses, simi-
lar to probit regression and item-factor analysis (see, e.g., Agresti,
2010, 2018; Ark, 2015; Cho et al., 2019; Kamata & Bauer, 2008).
Deriving ICCs would then be identical to a continuous-measures
situation (cf. Cho et al., 2019; Vispoel et al., 2019). New research
is needed to assess the properties of such estimation procedures
for multilevel data under typical conditions in social and behav-
ioral science research. Moreover, although we suggest using a
planned missing data design to estimate the IRR, we provide IRR
coefficients that generalize only to future data gathered without
missing data patterns. It might be useful to extend the approach of
Putka et al. (2008)—who proposed ICCs for ill-structured mea-
surement designs—to multilevel designs.

The ICCs we proposed belong to a broader category of reliability
coefficients that are suitable for multilevel data. Error in multilevel
data can be distinguished into sampling error and measurement
error (for more information, see Liidtke et al., 2011). Reliability
coefficients for multilevel data can therefore be characterized as
coefficients that consider sampling error only (e.g., Snijders &
Kenny, 1999), coefficients that consider measurement error only
(e.g., Geldhof et al., 2014; Lai, 2021), and coefficients that consider
both (e.g., Brennan, 2001; Cronbach et al., 1963). For example,
Snijders and Kenny (1999) discussed an ICC to estimate the reli-
ability of cluster scores. This ICC expresses the proportion of var-
iance that can be attributed to differences between clusters, and
generalized over the subjects within these clusters. Brennan (2001)
and Cronbach et al. (1963) discussed generalizability coefficients
that allow generalization of subjects’ scores over multiple sources
of variance (e.g., clusters, subjects, measurement occasions, and
raters). Neither of these coefficients differentiate between sampling
error and measurement error. Low reliability can then indicate ei-
ther a poor rating procedure or large differences between subjects
within clusters.

The ICCs for multilevel IRR that we proposed in this article are
closely related to Brennan’s (2001) generalizability coefficients
but they only include rater-related measurement error as noise.
Similar to scale-score reliability of multilevel data (Geldhof et al.,
2014), they allow a researcher to inspect the quality of the mea-
surement instrument—here the rating procedure—at the subject-
level and cluster-level separately. Especially because these ICCs
may be different, estimating IRR for each level separately can be
useful for inspecting a rating procedure. A low cluster-level IRR,
because of substantial cluster by rater interaction variance, could
for example tell researchers that implicit biases about clusters may
largely influence raters’ evaluations of subjects or clusters.

To conclude, we would like to stress the importance of other
discussions about the reliability of cluster-level components of
subject-level measures. Reliability at the cluster-level is only theo-
retically meaningful for measures for which cluster-level compo-
nents can be interpreted as the aggregate of the subject-level
component (Ludtke et al., 2011; Stapleton et al., 2016). Research-
ers should seriously consider which level of the attribute is of sub-
stantive interest not only before their analyses (Stapleton et al.,
2016) but before data collection, when they choose or design mea-
surement instruments (e.g., to design questions that target the
required level of analysis; see discussion in Ketokivi, 2019,
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Section 3.1). If cluster-level components of subject-level variables
are of interest (Cho & Preacher, 2016; Preacher et al., 2010), raters
must be distributed across clusters in order for cluster-level ICCs
to be meaningful.
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