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Abstract. Estimating interrater reliability (IRR) requires each of mul-
tiple subjects to be observed by multiple raters. Recruiting subjects and
raters may be problematic: There may be few available, it may be costly
to compensate subjects or to train raters, and participating in an observa-
tional study may be burdensome. Planned missing observational designs,
in which raters vary across subjects, may accommodate these problems,
but little guidance is available about how to optimize a planned miss-
ing observational design when estimating IRR. In this study, we used
Monte Carlo simulations to optimize an observational design to estimate
intraclass correlation coefficients (ICCs), which are very flexible IRR es-
timators that allow missing observations. We concluded that, given a
fixed total number of ratings, the point and credibility estimates of ICCs
can be optimized by means of (approximately) continuous measurement
scales and assigning small teams of raters to subgroups of subjects. Also,
less substantial differences between raters resulted in more efficient IRR
estimates. These results highlight the importance of well-designed ob-
servational designs and proper training on an observational protocol to
avoid substantial differences between raters.

Keywords: interrater reliability, intraclass correlation, generalizability
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1 Introduction

This chapter provides evidence we gathered to plan a complex observational
study for the Netherlands Ministry of Justice and Security to estimate the in-
terrater reliability (IRR) of the National Instrument of the Juvenile Criminal
Justice System, which is known by its acronym LIJ (pronounced like the En-
glish word ”lie”; Van der Put et al., 2011). The L1J is used to predict the risk of
recidivism and to identify protective factors and risk factors of minors who are
suspect of a criminal case. Completing the LIJ includes an officer of the Nether-
lands Child Care and Protection Board (rater) separately interviewing both the
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juvenile (subject) and at least one caretaker to obtain answers to almost 200
questions. This procedure typically takes several workdays spent on reading the
police files, conducting the two interviews, and obtaining additional information
from and verifying information with, for example, social workers or teachers (see
Van der Ark et al., 2018, with a summary in English on p. 5).

Estimating IRR requires that each subject is assessed by multiple raters.
Three main challenges complicated investigating the IRR of the LIJ. First, a
lack of time. The officers—who also have other important job responsibilities—
lacked the time to obtain multiple ratings of the same juveniles. Second, the
pool of raters and subjects to choose from was limited. Ecologically valid ratings
require raters who are real officers and subjects who are real juveniles within
the justice system. Third, recording interviews with the juveniles would be too
ethically risky, but raters were required to make observations at the same time
and location. The LIJ was administered on 18 different locations in The Nether-
lands. Obtaining multiple ratings of the same subjects was thus complicated by
constrains on time and resources. From a pragmatic perspective, each juvenile
was preferably assessed by a minimal number of raters from a local team.

Sampling few raters minimizes the burden on subjects and raters, but max-
imizes sampling variability of IRR estimates. Because the stakes of the juvenile
delinquents were high, precise IRR estimates were required. Planned missing
observational designs in which the raters vary across subjects enable using a
larger sample of raters while keeping the burden on individual raters stable.
Guidance in optimizing such a planned missing observational design to yield
precise IRR estimates is currently lacking. In this chapter, we therefore discuss
a simulation study that aimed to yield IRR estimates with maximal precision
while minimizing the burden on raters.

1.1 Intraclass Correlation Coefficients

IRR coeflicients that can accommodate incomplete data are rare (e.g., Krip-
pendorfl’s «; Hayes and Krippendorff, 2007), but an advantageous choice is the
intraclass correlation coefficient (ICC), which has long been used to quantify
IRR (Bartko, 1966; Fleiss and Cohen, 1973; Shrout and Fleiss, 1979). A family
of ICC coeflicients can be derived from the broad framework of generalizability
theory (GT; Cronbach et al., 1963; Brennan, 2001), which was developed for
normally distributed variables (McGraw and Wong, 1996) and can be calculated
from variance components estimable using a linear mixed model (Jiang, 2018):

}/'sr:/fé+us+/f4r+ﬂsr7 (1)

where ps and p,- are main subject and rater effects, respectively, and g, is the
subject x rater interaction (confounded with any other source of measurement
error). Assuming independent effects with means of zero, the orthogonal variance
components sum to the total variance of Y,

oy =0l +o0.+ 05, (2)
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An ICC quantifying absolute agreement among raters expresses the variance
between subjects relative to all sources of variance (McGraw and Wong, 1996):

0.2

ICC(A) 1) = —F——, 3
(A1) ey ®3)
interpreted as the degree to which subjects’ absolute scores can be generalized
over raters (relevant when evaluating whether a subject meets an absolute crite-
rion; Vispoel et al., 2018; Ten Hove et al., 2022). If, in practice, judgments would
be made by averaging scores across k > 1 raters, reliability would be increased
. J2+02
by reducing rater-related error: == ===,
Equation 1 can be extended by relying on the latent response variable (LRV)

interpretation of a probit model (Agresti, 2007). Assuming an observed outcome

X —measured using a discrete scale with categories® ¢ = 0,...,C—is a crude
indicator of an underlying continuum Y:
Xo =cif 7o < Y4 < Te+1, (4)

a standard linear-model interpretation is applicable to the LRV Y,., under an
identification constraint that the residual variance o2, = 1. An advantage is that
ICCs can be comparable across studies that used different response scales, such
as binary vs. 5- or 7-point Likert scales (Zumbo et al., 2007; Vispoel et al., 2019).
The LRV approach has recently been proposed for generalizability coefficients (of
which ICCs are a special case; Ten Hove et al., 2022; Vispoel et al., 2018) using
structural equation modeling (SEM; Vispoel et al., 2019; Ark, 2015), which Jor-
gensen (2021) showed could be problematic for sparse data from PMD designs.
The current study investigates a generalized linear mixed model (GLMM) with
a (cumulative) probit link function for ordinal outcomes, which can estimate
variance components from a fully crossed design even with incomplete data.

1.2 Planned Missing Data

Planned missing data (PMD) designs were conceived to reduce participant bur-
den in large scale surveys (Graham et al., 1996). We introduce some terminology
to facilitate discussing PMD designs in the context of multirater studies. Regard-
less of whether the limits are monetary, we refer to the total number of ratings
(NRatings) as the budget. A fixed budget could be limited not only by time and
monetary constraints but also by the numbers of available subjects and raters.
We further define workload as the number of subjects per rater (Ng,r) and team
size as the number of raters per subject (Ngp,g). How the budget is allocated
depends on a number of features, listed in Table 1. The overall number of sub-
jects and raters are represented by Ng and Ng. Different (sub)samples of the
pool of raters might be assigned to each subject, and different (sub)samples of

3 There are actually C + 2 thresholds, but the lowest and highest thresholds are fixed
by definition to be the lowest and highest possible scores in the Y distribution;
because the normal distribution is unbounded, 70 = —oo and 7¢4+1 = +00.
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the subject pool may be assigned to each rater. In a fully crossed two-way de-
sign with complete data, Nratings = Ns X INr because the number of subjects
assigned to each rater (Ng/r = Ng) is the entire subject pool; likewise, the
number of raters assigned to each subject (Ng/s = Ng) is the entire rater pool.
Incomplete designs are still crossed but do not assign each rater to every subject
(Ten Hove et al., 2022). Putka et al. (2008) referred to ill-structured measure-
ment designs when assignment was not systematic or optimal, but thoughtfully
deployed PMD designs can be economically advantageous in multirater studies
with expensive or time-consuming observational protocols (e.g., Vial et al., 2019;
Zee et al., 2020; Yuen et al., 2020).

Table 1. Trade-Off Among Rater-Pool Size, Subject-Pool Size, Team Size, and Work-
load Given a Fixed Budget

A smaller pool of ... ... requires assigning more ...
subjects * raters per subject © (larger teams)
raters P subjects per rater ¢ (greater workload)
Assigning fewer ... ... requires a larger pool of ...
raters per subject ¢ (smaller teams) subjects *
subjects per rater 4 (lighter workload) raters ”

Note. Budget = total number of ratings (NRratings = Nr X Ng/r = Ns X Npg/s),
assuming equal team sizes across subjects and equal workload across raters. When
using a block design (i.e., nonoverlapping teams), additionally useful design features

can be derived, albeit redundant with the features above: block size = Ng/gr X Ng/s

NRatings
block size *

# Subject pool: Ns = Ng X

and NBilocks =

Ns/r Ng/s
NRrys' Ns/r"
¢ Team size: Np;s = Ng/p % %—’;. 4 Workload: Ng/r = Ng/s X x—i.

P Rater pool: Ng = Ng X

Randomly or systematically assigning a Ng,r subset of the subject pool to be
observed by each rater (or vice versa: a Ng/g subset of the rater pool is assigned
to observe each subject) has been shown to improve accuracy of estimated vari-
ance components used to calculate an ICC to represent IRR (Ten Hove et al.,
2020, 2021). For example, Yuen et al. (2020) randomly assigned a team of two
raters to each subject in a staggered fashion that maximized the overlap among
raters (i.e., each possible pair of raters rated the same subject at least once). If
only N = 2 raters had observed all Ng = 29 subjects, each rater would have a
workload of Ng/r = 29. Instead, each of Ng = 6 raters had a substantially lower
workload of only Ng/r = 9 or 10. Thus, given a fixed budget (NRatings = 58),
sampling the same team size (Np/g = 2) from a larger pool of Ng = 6 raters

reduced the workload by NNLI/%S =1/3.

The simulation study described next was designed to decide how IRR of the
LIJ could be most efficiently estimated under budget constraints. The results
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led Van der Ark et al. (2018) to evaluate the LIJ by assigning teams of Ng = 4
raters to evaluate Ng,g = 2 subjects each.

2 Method

To develop an observational design for estimating the IRR of the scales and items
of the LIJ, we conducted a set of Monte Carlo simulations. We provide our R
syntax for replicating our simulation on the Open Science Framework (OSF*).

2.1 Data generation

The two-way model in Equation 1 was used to generate normal random effects
for all conditions, with p = 0 for the grand mean and all random-effect means,

0?2 = 0.70, 62 = 0.15, and o2, = 0.25. These population variances implied
a population ICC(A,1) = 0.636, denoted p. For ordinal conditions, thresholds
71 = —0.5 and 7 = 0.5 were used to discretize the normal data into C = 3

categories. To keep the generated data comparable across conditions, the data
were always generated from a fully crossed design for a given Ng and Ng. Then,
missing data patterns were imposed to yield a certain number of complete-data
"blocks” (i.e., Npiocks = Ng/s X Ng/r) that yielded a fixed budget of Nratings =
384. The proportion of missing data in two-way designs® (i.e., Ng/r > 1) varied
from 83.33% (in conditions with the largest blocks) to 98.96% (with the smallest
workload Ng/r = 2 and team size Ng/s = 2, requiring the largest Nz and Ng).

Core design factors. The design factors we had most control over were work-
load and team size given a fixed budget, and we planned to estimate ICCs
for continuous, ordinal, and binary items. So our core factors were team size
(Nrss = 2,4,o0r 8), workload (Ng/r = 1,2,4,0r 8), and model used for gen-
erating and analyzing data (linear or probit for continuous or discrete data,
respectively), yielding 3 x 4 x 2 = 24 conditions. When Ng/r = 1, we used an
one-way model by removing u, from Equation 1 and its variance component o2
from Equation 2 because when raters are nested in subjects, p, is confounded
with the rater x subject interaction. Thus, Eq. 3 still represents ICC(A,1).

Additional design factors. In the results section, we also describe two follow-
up studies in which we varied two additional factors: The magnitude of reliability,
and random versus block assignment of raters to subjects. We fully crossed these
design factors with the core conditions described above, but did not cross these
with each other. The results are useful for planning missing observational designs
for IRR. Additional manipulations are available in the R scripts provided with
the online supplementary materials.

* Supplemental online materials available at https://osf.io/g5hvs/
5 When Ns/r = 1, there is no "missing-data problem” because raters are nested in
(rather than crossed with) subjects.
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2.2 Analysis

We used Markov chain Monte Carlo (MCMC) estimation with uninformative
priors, implemented in the Stan software (Carpenter et al., 2017), for each of
2000 replications within each condition. We saved the posterior mean (denoted
p) as an estimate of p, as well as the central 95% Bayesian credible interval
(BCI) limits. In each condition, we evaluated accuracy of posterior means as
point estimates (Ten Hove et al., 2020) by calculating the relative parameter
bias, which is the difference between a condition’s average estimate (denoted p)
and p, divided by p: %. We evaluated accuracy of BCIs by calculating 95%
coverage rates (i.e., proportion of replications whose intervals captured p) in each
condition. Finally, we evaluated precision (our primary criterion for choosing an
optimal design for the LIJ evaluation) of the estimates by calculating the average
width of 95% BCIs in each condition.

We investigate the effects of design factors on bias and precision using fully
factorial linear regression models (ANOVA) and on the coverage using fully
factorial binary logistic regression models (analysis of deviance).

3 Results

For brevity, we report only medium and larger effects (i.e., Monte Carlo design
factor accounts for 773 > 6% of variance, holding other effects constant) on bias or
precision, or 6% of deviance in coverage (analogous to McFadden’s® pseudo- R?).
More extensive results are provided on the OSF.

3.1 Core conditions

Bias was negligible across conditions (Mpas = —0.01, SD = 0.01), and no de-
sign factors explained more than 0.05% of variance in bias. Coverage was nom-
inal across conditions (M, = 0.94, SD = 0.01), and no design factors ex-
plained more than 0.05% of deviance in coverage. Precision was substantially
affected only by the scale (continuous or ordinal: n2 = 14.74%) and team size
(n2 = 11.38%). ICC(A,1) was more precisely estimated for continuous data (95%
BCI width: M = 0.19gi4¢n, SD = 0.03) than for ordinal data (Myiqtn = 0.23,
SD = 0.02). ICC(A,1) was more precisely estimated using teams of Np,g = 2
(Mwidth = 0207 SD = 003) or NR/S =1 (Mwidth = 0207 SD = 003) than for
teams of Np/g = 8 (Myiqtn = 0.23, SD = 0.02).

An explanation of why smaller teams yielded more precise estimates may
be that—holding other factors constant—assigning smaller teams (Ng/g) maxi-
mizes Ns (Table 1). Because o2 should be expected to be the largest component
of an ICC in practice (e.g., for even a modest IRR > 0.50), a more efficiently
estimated o2 could lead to a more efficiently estimated p. The next simulation
additionally varied the amount of rater error, illuminating this explanation.

5 Find descriptions of several types of pseudo-R?> for logistic regression
here: https://stats.idre.ucla.edu/other/mult-pkg/faq/general /faqg-what-are-pseudo-
r-squareds/
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3.2 Magnitude of ICC

Rater variance was fixed to 02 = 0.25 in the core conditions, implying a modest
p = .636. Because we expected ICCs to vary across L1J items, we added con-
ditions with more rater variance (02 = 0.70, implying lower IRR: p = .42) and
with less rater variance (02 = 0.05, implying higher IRR: p = .70). Extending
the 24 core conditions by varying o2 = 0.05, 0.25, or 0.70 yielded 72 conditions.

Bias was still negligible across conditions (Myias = —0.002, SD = 0.014)
and no design factors explained more than 0.03% of variance in bias. Coverage
also still was nominal across conditions (M., = 0.94, SD = 0.01), and no
design factors explained more than 0.01% of deviance in coverage. Efficiency
was substantially affected by p, which explained 77?, = 15.64% of the variability
in BCI width, whereas the influential factors from the core conditions explained
only 771% = 5% of the variability in BCI width, holding other factors constant in
this extended design. The higher IRR was in the population, the more precisely
it was estimated (p = 0.70: My;aen = 0.19, SD = 0.03; p = 0.64: Myiaen = 0.21,
SD = 0.03; p = 0.42: Myiqen = 0.25, SD = 0.03). This was consistent with
our explanation for why smaller teams yielded more precise estimates under a
fixed budget; it is not a general rule that fewer raters (per subject) yield more
precision (Ten Hove et al., 2021).

3.3 Overlapping teams

In the core conditions, we imposed a missing-data structure that mimicked the
blocks assigned in the LIJ study. We compared this to unstructured random
assignment by randomly deleting all but Ng,s ratings for each subject. This
strategy meant that the workload could vary across raters, with an average
(rather than fixed) workload of Ng,r. This design is comparable to Yuen et al.
(2020), who designed a balanced workload across raters (i.e., fixed Ng,r). Be-
cause overlapping teams implies a two-way design, we omitted the Ng/p = 1
conditions. Thus, this study had a 3 (Ng/g = 2,4,0r 8) x 3 (Ng/g = 2,4, 0r 8)
x 2 (scale) x 2 (teams overlap or not) design with 36 conditions.

Bias was still negligible across conditions (Mpias = —0.005, SD = 0.013) and
no design factors explained more than 0.11% of variance in bias. Coverage also
still was nominal across conditions (Mo, = 0.94, SD = 0.01), and no design
factors explained more than 0.04% of deviance in coverage. Precision was also
not substantially affected by overlapping teams; the main and all higher-order
effects combined only explained 77§ = 2.74% of the additional variability in BCI
width beyond the core design.

4 Discussion

This chapter provided evidence from Monte Carlo simulations demonstrating
how beneficial planned missing observational designs can be for expensive, time-
consuming multirater studies. Results showed that MCMC estimation of MLMs
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and GLMMs can provide accurate point and interval estimates of ICCs across a
variety of population values, scales of measurement, and planned missing obser-
vational designs, even when the vast majority of observations of a conventional
(fully crossed) two-way design are missing. Bias and coverage appeared stable
across the selected design factors but we showed that the precision of ICC es-
timates can be maximized by using more (approximately) continuous scales of
measurement and allocating smaller teams of raters to subjects. These results
highlight the importance of well designed observational designs. In addition, less
rater error also improved efficiency, which highlights the importance of proper
training on an observational protocol to avoid substantial differences between
raters.

4.1 Advice for Sample-Size Planning

In practice, researchers must weigh the costs of different design features to choose
the best design for their situation (e.g., Are raters or subjects more expensive?
Does the gain in efficiency warrant the additional effort?), and accounting for
such costs was not explored in our simulation studies. Certain design features
might also be more difficult to control than others. Holding other features con-
stant, smaller teams and lighter workloads might require larger pools of subjects
and raters, respectively, either of which might be infeasible.

In the LIJ study, for example, the number of available juveniles turned out
to be quite limited. Furthermore, the greatest cost was the burden on each
rater, so workload was of primary concern in the design. With a fixed budget,
minimizing team size to improve precision would have been coincident with
maximizing Ng, which was not feasible. However, smaller teams (larger Ng)
only improved precision by a few decimal places, and workload had no discernible
effect precision, so we felt justified advising the ministry to assign fewer subjects
to larger teams for LIJ data collection.

Overlapping raters does not seem to have any (dis)advantage, so researchers
can feel free to randomly assign raters to subjects using whichever algorithm best
fits their needs. Overlapping raters might be more feasible if the ratings need
not be conducted at a fixed time point; for example, if the subjects have been
recorded, or if the observation is made on objects (like critics judging artwork
or experts evaluating the face validity of a measurement instrument). System-
atic overlap is not necessary, but might be more desirable to ensure balanced
workload across raters (see Yuen et al., 2020). In contrast, random assignment
to blocks (within which subjects and raters are fully crossed) would be more
feasible when live observations of the same event must be made at the same
time, as in the LIJ evaluation.

We conducted these simulations for a specific setting (evaluating IRR of the
L1J), and showed that some general design factors can improve the efficiency
of ICC estimates. We hope that our example helps other researchers make such
decisions, but future research is needed to provide advice for other scenarios that
have different priorities for working within a budget.
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