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Appendix A Performance of ICC Estimators

Table A1: Mean, SD, min and max of all Dependent Variables across Conditions with
𝜎2
𝑟 = 0.50 and 𝜎2

𝑠𝑟 = 1.00 and Continuous Responses

Outcome ICC Method M SD min max
Bias ICC(𝐴, 1) MCMC-HL -0.10 0.09 -0.38 -0.01

MLE-RE 0.00 0.02 -0.03 0.04
MLE-CF -0.01 0.02 -0.05 0.04

ICC(𝐶, 1) MCMC-HL -0.01 0.02 -0.06 0.01
MLE-RE -0.01 0.01 -0.03 -0.00
MLE-CF 0.01 0.03 -0.02 0.10

Bias uncertainty measures ICC(𝐴, 1) MCMC-HL -0.01 0.21 -0.31 0.50
MLE-RE 0.01 0.03 -0.08 0.06
MLE-CF -0.28 0.17 -0.71 -0.06

ICC(𝐶, 1) MCMC-HL -0.05 0.08 -0.28 0.06
MLE-RE -0.02 0.04 -0.10 0.06
MLE-CF -0.04 0.07 -0.22 0.04

RMSE ICC(𝐴, 1) MCMC-HL 0.19 0.16 0.00 0.75
MLE-RE 0.19 0.15 0.00 0.71
MLE-CF 0.26 0.20 0.01 0.69

ICC(𝐶, 1) MCMC-HL 0.23 0.19 0.01 0.56
MLE-RE 0.22 0.18 0.01 0.56
MLE-CF 0.28 0.38 0.01 1.46

Coverage ICC(𝐴, 1) MCMC-HL 0.93 0.02 0.88 0.96
MLE-RE-DM 0.91 0.04 0.79 0.96
MLE-RE-MC 0.94 0.05 0.79 0.99
MLE-CF-DM 0.80 0.13 0.38 0.93
MLE-CF-MC 0.82 0.12 0.39 0.94

ICC(𝐶, 1) MCMC-HL 0.95 0.01 0.93 0.97
MLE-RE-DM 0.94 0.02 0.90 0.96
MLE-RE-MC 0.96 0.01 0.94 0.97
MLE-CF-DM 0.92 0.05 0.75 0.96
MLE-CF-MC 0.95 0.02 0.89 0.96

Percentage Convergence MCMC-HL 95.56 4.61 87.00 100.00
MLE-RE 99.76 0.22 99.10 100.00
MLE-CF 97.59 5.57 81.60 100.00

Estimation Time (sec.) MCMC-HL 427.26 167.64 170.07 629.51
MLE-RE-DM 6.97 3.78 1.95 15.73
MLE-RE-MC 8.87 4.18 3.01 17.00
MLE-CF-DM 1775.30 2293.72 9.26 7625.45
MLE-CF-MC 1779.76 2296.55 9.94 7633.63
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Table A2: Mean, SD, min and max of all Dependent Variables across Conditions with
𝜎2
𝑟 = 0.50 and 𝜎2

𝑠𝑟 = 1.00 and Binary Responses

Outcome ICC Method M SD min max

Bias ICC(𝐴, 1) MCMC-HL 0.00 0.10 -0.20 2.00
MLE-RE -0.21 0.09 -0.39 2.00
MLE-CF -0.08 0.26 -0.85 2.00

ICC(𝐶, 1) MCMC-HL 0.15 0.15 -0.03 2.00
MLE-RE -0.26 0.08 -0.44 2.00
MLE-CF -0.12 0.27 -0.87 2.00

Bias uncertainty measures ICC(𝐴, 1) MCMC-HL -0.10 0.18 -0.34 2.00
MLE-CF -0.38 0.19 -0.72 2.00

ICC(𝐶, 1) MCMC-HL -0.18 0.13 -0.43 2.00
MLE-CF -0.27 0.22 -0.74 2.00

RMSE ICC(𝐴, 1) MCMC-HL 3.13 1.23 0.74 5.23
MLE-RE 3.10 1.21 0.71 5.16
MLE-CF 1.24 1.26 0.00 4.70

ICC(𝐶, 1) MCMC-HL 4.71 1.39 2.00 7.81
MLE-RE 4.66 1.36 2.00 7.81
MLE-CF 1.60 1.78 0.01 6.89

Coverage ICC(𝐴, 1) MCMC-HL 0.95 0.02 0.89 2.00
MLE-CF-DM 0.67 0.15 0.00 2.00
MLE-CF-MC 0.67 0.18 0.00 2.00

ICC(𝐶, 1) MCMC-HL 0.87 0.08 0.64 2.00
MLE-CF-DM 0.74 0.16 0.00 2.00
MLE-CF-MC 0.71 0.23 0.00 2.00

Percentage Convergence MCMC-HL 96.01 3.95 2.00 100.00
MLE-RE 98.33 1.13 2.00 100.00
MLE-CF 53.68 35.81 0.00 100.00

Estimation Time (sec.) MCMC-HL 86.73 7.35 2.00 98.15
MLE 0.73 0.17 0.42 2.00
MLE-CF-DM 1.56 0.75 0.81 3.58
MLE-CF-MC 3.03 1.28 1.56 6.87
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Appendix B Multilevel IRR

The contents of this document contain the Online Supplementary materials to ”Inter-

rater reliability for Multilevel Data: A Generalizability Theory Approach”. Additional

materials, such as the Stan models, the R syntax from the simulations and the applied

example, and the data used for the applied example are available through the Open

Science Framework: https://osf.io/bwk5t/

B.1 Population Values ICCs Simulation 1

Table B3: Population Values of Subject-Level ICCs across Conditions

σ
2
𝑐= 0.16 σ

2
𝑐= 0.50 σ

2
𝑐= 0.16 σ

2
𝑐= 0.50

𝑘 σ
2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50

ICC𝑠 (𝐴, 1) ICC𝑠 (𝐴, 𝑘 )
2 0.60 0.50 0.60 0.50 0.75 0.67 0.75 0.67
5 0.60 0.50 0.60 0.50 0.88 0.83 0.88 0.83
10 0.60 0.50 0.60 0.50 0.94 0.91 0.94 0.91

ICC𝑠 (𝐶, 1) ICC𝑠 (𝐶, 𝑘 )
2 0.67 0.67 0.67 0.67 0.80 0.80 0.80 0.80
5 0.67 0.67 0.67 0.67 0.91 0.91 0.91 0.91
10 0.67 0.67 0.67 0.67 0.95 0.95 0.95 0.95

Note. ICC = Intraclass correlation; 𝑘 = Number of raters; σ2𝑐 = Variance of cluster effects; σ2𝑟 =
Variance of rater effects.

Table B4: Population Values of Cluster-Level ICCs across Conditions

σ
2
𝑐= 0.16 σ

2
𝑐= 0.50 σ

2
𝑐= 0.16 σ

2
𝑐= 0.50

𝑘 σ
2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50

ICC𝑐 (𝐴, 1) ICC𝑐 (𝐴, 𝑘 )
2 0.33 0.20 0.61 0.43 0.50 0.33 0.76 0.60
5 0.33 0.20 0.61 0.43 0.71 0.55 0.89 0.79
10 0.33 0.20 0.61 0.43 0.83 0.71 0.94 0.88

ICC𝑐 (𝐶, 1) ICC𝑐 (𝐶, 𝑘 )
2 0.50 0.50 0.76 0.76 0.67 0.67 0.86 0.86
5 0.50 0.50 0.76 0.76 0.83 0.83 0.94 0.94
10 0.50 0.50 0.76 0.76 0.91 0.91 0.97 0.97

Note. ICC = Intraclass correlation; 𝑘 = Number of raters; σ2𝑐 = Variance of cluster effects; σ2𝑟 =
Variance of rater effects.
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Table B5: Relative Difference in Population Values of Conflated ICCs compared to
Multilevel ICCs across Conditions

σ
2
𝑐= 0.16 σ

2
𝑐= 0.50 σ

2
𝑐= 0.16 σ

2
𝑐= 0.50

𝑘 σ
2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50

Subject-Level
ICC𝑠 (𝐴, 1) ICC𝑠 (𝐴, 𝑘 )

2 2.51 4.88 9.27 15.35 1.00 1.00 5.60 5.60
5 2.51 4.88 9.27 15.35 1.00 1.00 5.60 5.60
10 2.51 4.88 9.27 15.35 1.00 1.00 5.60 5.60

ICC𝑠 (𝐶, 1) ICC𝑠 (𝐶, 𝑘 )
2 1.45 3.05 5.22 9.25 0.55 0.55 3.03 3.03
5 0.64 1.44 2.26 4.22 0.24 0.24 1.28 1.28
10 0.33 0.76 1.16 2.21 0.12 0.12 0.65 0.65

Cluster-Level
ICC𝑐 (𝐴, 1) ICC𝑐 (𝐴, 𝑘 )

2 57.03 156.80 6.26 35.21 -6.27 -6.27 -11.20 -11.20
5 57.03 156.80 6.26 35.21 -6.27 -6.27 -11.20 -11.20
10 57.03 156.80 6.26 35.21 -6.27 -6.27 -11.20 -11.20

ICC𝑐 (𝐶, 1) ICC𝑐 (𝐶, 𝑘 )
2 33.02 98.04 3.53 21.22 -3.47 -3.47 -6.07 -6.07
5 14.59 46.16 1.53 9.68 -1.48 -1.48 -2.56 -2.56
10 7.56 24.52 0.79 5.08 -0.76 -0.76 -1.30 -1.30

Note. ICC = Intraclass correlation; 𝑘 = Number of raters; σ2𝑐 = Variance of cluster effects; σ2𝑟 =
Variance of rater effects. Let ICC𝑐𝑜𝑛 𝑓 denote the conflated ICC, and let ICC𝑀𝐿 the multilevel ICC.

Relative difference is computed as
ICC𝑐𝑜𝑛 𝑓 −ICC𝑀𝐿

ICC𝑀𝐿
∗ 100.
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Table B6: Relative MAP Bias of Subject-Level ICCs across Conditions

σ
2
𝑐= 0.16 σ

2
𝑐= 0.50 σ

2
𝑐= 0.16 σ

2
𝑐= 0.50

𝑁𝑐 𝑁𝑠 𝐾 σ
2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50

ICC𝑠 (𝐴, 1) ICC𝑠 (𝐴, 𝑘 )
20 10 2 -0.03 0.06 -0.02 0.06 -0.01 0.04 -0.01 0.04

5 -0.01 0.03 0.00 0.02 0.00 0.01 0.00 0.01
10 -0.01 0.01 -0.01 0.01 0.00 0.00 0.00 0.00

30 2 0.00 0.10 0.02 0.10 0.00 0.07 0.01 0.07
5 0.00 0.03 0.01 0.03 0.00 0.01 0.00 0.01
10 0.00 0.02 0.00 0.02 0.00 0.00 0.00 0.00

40 10 2 -0.02 0.06 -0.02 0.06 -0.01 0.05 -0.01 0.05
5 0.00 0.03 0.00 0.02 0.00 0.01 0.00 0.01
10 0.00 0.01 0.00 0.01 0.00 0.00 0.00 0.00

30 2 0.00 0.09 0.02 0.09 0.00 0.06 0.01 0.06
5 0.00 0.03 0.01 0.03 0.00 0.01 0.00 0.01
10 0.00 0.01 0.00 0.01 0.00 0.00 0.00 0.00

ICC𝑠 (𝐶, 1) ICC𝑠 (𝐶, 𝑘 )
20 10 2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

30 2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

40 10 2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

30 2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Note. ICC = Intraclass correlation; 𝑁𝑐 = Number of clusters; 𝑁𝑠 = Number of subjects per cluster; 𝐾
= Number of raters; σ2𝑐 = Variance of cluster effects; σ2𝑟 = Variance of rater effects. Relative bias was

computed as 𝜃−𝜃
𝜃

, where 𝜃 denotes the average MAP estimate of a parameter (or derived ICC) across
replications in a condition, and 𝜃 denotes the population parameter in that condition.
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B.2 Results Simulation 1

Table B7: Relative MAP Bias of Cluster-Level ICCs across Conditions

σ
2
𝑐= 0.16 σ

2
𝑐= 0.50 σ

2
𝑐= 0.16 σ

2
𝑐= 0.50

𝑁𝑐 𝑁𝑠 𝐾 σ
2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50

ICC𝑐 (𝐴, 1) ICC𝑐 (𝐴, 𝑘 )
20 10 2 -0.54 -0.41 -0.22 -0.11 -0.42 -0.31 -0.13 -0.05

5 -0.25 -0.23 -0.06 -0.05 -0.11 -0.13 -0.01 0.00
10 -0.14 -0.15 -0.04 -0.04 -0.02 -0.04 0.00 0.00

30 2 -0.53 -0.38 -0.14 -0.04 -0.4 -0.29 -0.06 0.00
5 -0.15 -0.12 -0.04 -0.02 -0.05 -0.04 -0.01 0.00
10 -0.08 -0.07 -0.03 -0.02 -0.01 -0.01 0.00 0.00

40 10 2 -0.48 -0.33 -0.13 -0.02 -0.36 -0.25 -0.06 0.01
5 -0.18 -0.16 -0.04 -0.01 -0.06 -0.06 -0.01 0.01
10 -0.09 -0.10 -0.02 -0.02 -0.01 -0.02 0.00 0.00

30 2 -0.41 -0.26 -0.05 0.04 -0.27 -0.15 -0.01 0.06
5 -0.10 -0.05 -0.02 0.01 -0.03 0.00 0.00 0.02
10 -0.06 -0.04 -0.01 -0.01 -0.01 0.00 0.00 0.00

ICC𝑐 (𝐶, 1) ICC𝑐 (𝐶, 𝑘 )
20 10 2 -0.13 -0.13 -0.02 -0.02 -0.08 -0.08 -0.01 -0.01

5 -0.09 -0.09 0.00 -0.01 -0.02 -0.02 0.00 0.00
10 -0.05 -0.05 0.00 0.00 0.00 0.00 0.00 0.00

30 2 -0.16 -0.16 -0.01 -0.02 -0.10 -0.11 0.00 -0.01
5 -0.02 -0.02 0.00 0.00 0.00 0.00 0.00 0.00
10 -0.01 -0.01 0.00 0.00 0.00 0.00 0.00 0.00

40 10 2 -0.09 -0.08 0.00 0.00 -0.05 -0.05 0.00 0.00
5 -0.04 -0.04 0.00 0.00 -0.01 -0.01 0.00 0.00
10 -0.01 -0.02 0.00 0.00 0.00 0.00 0.00 0.00

30 2 -0.03 -0.03 0.01 0.00 -0.01 -0.02 0.01 0.00
5 -0.01 -0.01 0.00 0.00 0.00 0.00 0.00 0.00
10 -0.01 -0.01 0.00 0.00 0.00 0.00 0.00 0.00

Note. ICC = Intraclass correlation; 𝑁𝑐 = Number of clusters; 𝑁𝑠 = Number of subjects per cluster; 𝐾
= Number of raters; σ2𝑐 = Variance of cluster effects; σ2𝑟 = Variance of rater effects. Relative bias was

computed as 𝜃−𝜃
𝜃

, where 𝜃 denotes the average MAP estimate of a parameter (or derived ICC) across
replications in a condition, and 𝜃 denotes the population parameter in that condition.
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Table B8: Percentage of 95% BCI Coverage of Subject-Level ICCs across Conditions

σ
2
𝑐= 0.16 σ

2
𝑐= 0.50 σ

2
𝑐= 0.16 σ

2
𝑐= 0.50

𝑁𝑐 𝑁𝑠:𝑐 𝐾 σ
2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50

ICC𝑠 (𝐴, 1) ICC𝑠 (𝐴, 𝑘 )
20 10 2 95 98* 95 98* 95 98* 95 98*

5 95 96 95 96 95 96 95 96
10 95 95 95 95 95 95 95 95

30 2 97* 98* 97* 98* 97* 98* 97* 98*
5 94* 95 94 95 94* 95 94 95
10 94 96 95 95 94 96 95 95

40 10 2 96* 98* 96 98* 96* 98* 96 98*
5 95 97* 95 97* 95 97* 95 97*
10 95 95 95 95 95 95 95 95

30 2 97* 99* 98* 99* 97* 99* 98* 99*
5 95 97* 95 97* 95 97* 95 97*
10 95 96 96 96 95 96 96 96

ICC𝑠 (𝐶, 1) ICC𝑠 (𝐶, 𝑘 )
20 10 2 94 95 94 94 94 95 94 94

5 95 95 95 95 95 95 95 95
10 95 95 95 95 95 95 95 95

30 2 97* 96 97* 96* 97* 96 97* 96*
5 96 95 96 95 96 95 96 95
10 95 94 94 94 95 94 94 94

40 10 2 96 96 96 96 96 96 96 96
5 94 94 95 94 94 94 95 94
10 94 94 94 94 94 94 94 94

30 2 96 96 96 96 96 96 96 96
5 94 95 95 95 94 95 95 95
10 95 95 95 95 95 95 95 95

Note. ICC = Intraclass correlation; 𝑁𝑐 = Number of clusters; 𝑁𝑠 = Number of subjects per cluster; 𝐾
= Number of raters; σ2𝑐 = Variance of cluster effects; σ2𝑠 = Variance of subject effects; * Outside 95%
Agresti-Coull confidence interval.
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Table B9: Percentage of 95% BCI Coverage of Cluster-Level ICCs across Conditions

σ
2
𝑐= 0.16 σ

2
𝑐= 0.50 σ

2
𝑐= 0.16 σ

2
𝑐= 0.50

𝑁𝑐 𝑁𝑠:𝑐 𝐾 σ
2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50

ICC𝑐 (𝐴, 1) ICC𝑐 (𝐴, 𝑘 )
20 10 2 96 98* 94 97* 96 98* 94 97*

5 95 96 96 96 95 96 96 96
10 96 96 96* 96 96 96 96* 96

30 2 95 98* 94 97* 95 98* 94 97*
5 95 96 95 96 95 96 95 96
10 95 95 95 95 95 95 95 95

40 10 2 94 96 95 97* 94 96 95 97*
5 94 95 95 96* 94 95 95 96*
10 94 94 95 96 94 94 95 96

30 2 96 97* 96 98* 96 97* 96 98*
5 96 97* 96* 97* 96 97* 96* 97*
10 95 95 95 95 95 95 95 95

ICC𝑐 (𝐶, 1) ICC𝑐 (𝐶, 𝑘 )
20 10 2 97* 96* 94* 94* 97* 96* 94* 94*

5 95 95 95 95 95 95 95 95
10 96 96 96 96* 96 96 96 96*

30 2 96 96 94 95 96 96 94 95
5 95 95 96 95 95 95 96 95
10 95 95 95 96 95 95 95 96

40 10 2 95 95 94 94 95 95 94 94
5 95 94 96 95 95 94 96 95
10 95 94 95 95 95 94 95 95

30 2 94 95 94 95 94 95 94 95
5 95 94 96 96 95 94 96 96
10 95 95 95 95 95 95 95 95

Note. ICC = Intraclass correlation; 𝑁𝑐 = Number of clusters; 𝑁𝑠 = Number of subjects per cluster; 𝐾
= Number of raters; σ2𝑐 = Variance of cluster effects; σ2𝑠 = Variance of subject effects; * Outside 95%
Agresti-Coull confidence interval.
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Table B10: Relative Efficiency of Subject-Level ICCs across Conditions

σ
2
𝑐= 0.16 σ

2
𝑐= 0.50 σ

2
𝑐= 0.16 σ

2
𝑐= 0.50

𝑁𝑐 𝑁𝑠 𝐾 σ
2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50

ICC𝑠 (𝐴, 1) ICC𝑠 (𝐴, 𝑘 )
20 10 2 1.98 1.51 1.96 1.51 2.15 1.62 2.13 1.62

5 1.37 1.22 1.37 1.22 1.58 1.40 1.58 1.39
10 1.13 1.08 1.12 1.08 1.21 1.20 1.20 1.19

30 2 2.22 1.61 2.22 1.62 2.39 1.72 2.39 1.73
5 1.37 1.18 1.38 1.18 1.59 1.37 1.59 1.37
10 1.15 1.07 1.14 1.07 1.24 1.18 1.24 1.18

40 10 2 2.15 1.59 2.13 1.59 2.33 1.71 2.31 1.71
5 1.44 1.25 1.44 1.25 1.66 1.43 1.66 1.44
10 1.21 1.14 1.20 1.14 1.30 1.26 1.29 1.26

30 2 2.24 1.66 2.25 1.66 2.44 1.78 2.45 1.79
5 1.46 1.24 1.46 1.24 1.69 1.44 1.70 1.43
10 1.24 1.15 1.24 1.15 1.35 1.28 1.35 1.28

ICC𝑠 (𝐶, 1) ICC𝑠 (𝐶, 𝑘 )
20 10 2 0.98 0.99 0.98 0.98 0.98 0.99 0.98 0.98

5 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
10 1.01 1.02 1.02 1.02 1.01 1.01 1.01 1.01

30 2 1.05 1.05 1.05 1.05 1.05 1.05 1.05 1.05
5 1.02 1.02 1.02 1.02 1.01 1.01 1.02 1.02
10 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98

40 10 2 1.03 1.03 1.03 1.03 1.03 1.03 1.03 1.03
5 0.99 0.99 0.98 0.99 0.99 0.99 0.98 0.99
10 0.98 0.98 0.98 0.98 0.98 0.98 0.97 0.97

30 2 1.01 1.01 1.01 1.01 1.01 1.01 1.01 1.01
5 1.03 1.03 1.03 1.02 1.03 1.03 1.03 1.02
10 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Note. ICC = Intraclass correlation; 𝑁𝑐 = Number of clusters; 𝑁𝑠 = Number of subjects per cluster; 𝐾
= Number of raters; σ2𝑐 = Variance of cluster effects; σ2𝑟 = Variance of rater effects. Relative efficiency
was computed as the ratio of the average posterior SD relative to the SD of the posterior means.
Preferably, this ratio equals 1.
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Table B11: Relative Efficiency of Cluster-Level ICCs across Conditions

σ
2
𝑐= 0.16 σ

2
𝑐= 0.50 σ

2
𝑐= 0.16 σ

2
𝑐= 0.50

𝑁𝑐 𝑁𝑠 𝐾 σ
2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50 σ

2
𝑟= 0.16 σ

2
𝑟= 0.50

ICC𝑐 (𝐴, 1) ICC𝑐 (𝐴, 𝑘 )
20 10 2 1.38 1.26 1.40 1.24 1.41 1.29 1.42 1.26

5 1.06 1.02 1.11 1.06 1.09 1.06 1.16 1.12
10 1.04 1.04 1.04 1.04 1.00 1.01 0.97 1.00

30 2 1.40 1.26 1.53 1.32 1.43 1.29 1.58 1.37
5 1.10 1.04 1.15 1.07 1.09 1.06 1.22 1.15
10 1.03 1.01 1.03 1.02 0.96 0.99 1.01 1.03

40 10 2 1.33 1.18 1.57 1.31 1.37 1.22 1.68 1.39
5 1.09 1.03 1.20 1.10 1.11 1.07 1.34 1.22
10 1.01 0.99 1.05 1.04 0.95 0.97 1.06 1.07

30 2 1.47 1.27 1.78 1.43 1.52 1.32 1.91 1.53
5 1.13 1.05 1.24 1.11 1.21 1.12 1.42 1.26
10 1.05 1.01 1.10 1.06 1.06 1.06 1.15 1.13

ICC𝑐 (𝐶, 1) ICC𝑐 (𝐶, 𝑘 )
20 10 2 1.14 1.14 0.96 0.97 1.21 1.21 0.97 0.97

5 1.00 0.99 0.92 0.93 1.05 1.04 0.88 0.88
10 0.99 0.99 0.94 0.93 1.00 0.99 0.81 0.77

30 2 1.10 1.08 1.02 1.02 1.14 1.13 1.03 1.03
5 0.97 0.97 0.97 0.96 0.90 0.90 0.92 0.92
10 0.99 0.99 0.96 0.97 0.85 0.84 0.90 0.91

40 10 2 1.03 1.03 0.97 0.98 1.06 1.06 0.96 0.97
5 0.97 0.96 0.96 0.96 0.93 0.92 0.92 0.91
10 0.95 0.94 0.97 0.98 0.87 0.84 0.91 0.92

30 2 1.01 1.00 1.00 1.00 1.02 1.01 1.00 1.00
5 0.99 0.99 0.99 1.00 0.94 0.94 0.97 0.98
10 1.01 1.00 1.00 1.00 0.93 0.93 0.97 0.97

Note. ICC = Intraclass correlation; 𝑁𝑐 = Number of clusters; 𝑁𝑠 = Number of subjects per cluster; 𝐾
= Number of raters; σ2𝑐 = Variance of cluster effects; σ2𝑟 = Variance of rater effects. Relative efficiency
was computed as the ratio of the average posterior SD relative to the SD of the posterior means.
Preferably, this ratio equals 1.
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empty

B.3 Results Simulation 2

Table B12: Relative MAP Bias of ICCs Across Conditions

𝑘𝑠 𝐾 ICC𝑠 (𝐴, 1) ICC𝑠 (𝐴, 𝑘 ) ICC𝑠 (𝐶, 1) ICC𝑠 (𝐶, 𝑘 )
2 5 -0.02 -0.01 0.00 0.00

10 -0.02 -0.01 0.00 0.00
3 5 -0.02 -0.01 0.00 0.00

10 -0.01 -0.01 0.00 0.00
𝑘𝑠 𝐾 ICC𝑐 (𝐴, 1) ICC𝑐 (𝐴, 𝑘 ) ICC𝑐 (𝐶, 1) ICC𝑐 (𝐶, 𝑘 )
2 5 -0.29 -0.22 -0.08 -0.05

10 -0.26 -0.20 -0.06 -0.03
3 5 -0.21 -0.12 -0.04 -0.01

10 -0.21 -0.12 -0.04 -0.01

Note. ICC = Intraclass correlation; 𝑘𝑠 = Number of raters per subject; 𝐾 = Total number of raters
(size of the rater pool). Relative bias was computed as 𝜃−𝜃

𝜃
, where 𝜃 denotes the average MAP estimate

of a parameter (or derived ICC) across replications in a condition, and 𝜃 denotes the population
parameter in that condition.

Table B13: Percentage of 95% BCI Coverage of ICCs Across Conditions

𝑘𝑠 𝐾 ICC𝑠 (𝐴, 1) ICC𝑠 (𝐴, 𝑘 ) ICC𝑠 (𝐶, 1) ICC𝑠 (𝐶, 𝑘 )
2 5 95 95 96 96

10 95 95 96 96
3 5 95 95 96 96

10 95 95 96 96
𝑘𝑠 𝐾 ICC𝑐 (𝐴, 1) ICC𝑐 (𝐴, 𝑘 ) ICC𝑐 (𝐶, 1) ICC𝑐 (𝐶, 𝑘 )
2 5 96 96 95 95

10 95 95 95 95
3 5 95 95 94 94

10 95 95 96 96

Note. ICC = Intraclass correlation; 𝑘𝑠 = Number of raters per subject; 𝐾 = Total number of raters
(size of the rater pool).

Table B14: Relative Efficiency of ICCs Across Conditions

𝑘𝑠 𝐾 ICC𝑠 (𝐴, 1) ICC𝑠 (𝐴, 𝑘 ) ICC𝑠 (𝐶, 1) ICC𝑠 (𝐶, 𝑘 )
2 5 1.29 1.36 1.03 1.04

10 1.29 1.36 1.03 1.03
3 5 1.37 1.50 1.04 1.03

10 1.32 1.44 1.00 1.00
𝑘𝑠 𝐾 ICC𝑐 (𝐴, 1) ICC𝑐 (𝐴, 𝑘 ) ICC𝑐 (𝐶, 1) ICC𝑐 (𝐶, 𝑘 )
2 5 1.09 1.11 1.04 1.07

10 1.10 1.11 1.04 1.06
3 5 1.06 1.05 0.97 0.96

10 1.07 1.08 1.02 1.02

Note. ICC = Intraclass correlation; 𝑘𝑠 = Number of raters per subject; 𝐾 = Total number of raters
(size of the rater pool). Relative efficiency was computed as the ratio of the average posterior SD
relative to the SD of the posterior means. Preferably, this ratio equals 1.
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B.4 Maximum Likelihood Estimates and additional MCMC

Estimates Application

Table B15: Variance Decomposition as Estimated with MLE

Conflated MLM
Student 1.63 1.40
Teacher – 0.23
Rater 0.26 0.26
Student × Rater 0.48 0.44
Teacher × Rater – 0.03

Note. MLM = Multilevel Model.

Table B16: IRR coefficients as Estimated with MCMC

ICC(A,1) ICC(A,k) ICC(C,1) ICC(C,k)
MAP BCI MAP BCI MAP BCI MAP BCI

Conflated (𝑘 = 3) .68 [.49, .75] .87 [.74, .90] .77 [.73, .81] .91 [.89, .93]
Student Level (𝑘 = 3) .66 [.46, .74] .85 [.72, .89] .76 [.71, .81] .91 [.88, .93]
Teacher Level (𝑘 = 3) .39 [.10, .68] .71 [.24, .86] .90 [.62, .96] .96 [.83, .98]
Teacher Level (𝑘 = 5) – – .80 [.35, .91] – – .98 [.89, .99]

Note. ICC = Intraclass correlation; MAP = maximum a posteriori; BCI = Bayesian credible interval; 𝑘
= number of raters.

Table B17: IRR coefficients as Estimated with MLE

ICC(A,1) ICC(A,k) ICC(C,1) ICC(C,k)
Conflated (𝑘 = 3) .69 .87 .77 .91
Student Level (𝑘 = 3) .67 .86 .76 .90
Teacher Level (𝑘 = 3) .45 .71 .88 .96
Teacher Level (𝑘 = 5) – .80 – .97

Note. ICC = Intraclass correlation; 𝑘 = number of raters.
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fathers’ and mothers’ anxiety disorders predicts their observed and self-rated parenting

behavior.

(In preparation)
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Summary

The central question of this dissertation was how to estimate the interrater reliability

(IRR) from incomplete and dependent observational data. This topic is important for

observational measurement of attributes in social and behavioral practice and research.

Examples of such attributes are reading fluency, teaching skills, playfulness, parenting

behavior, and academic skills. Because these attributes are not directly observable,

practitioners and scientists use methods such as self-report questionnaires or observations

to obtain information about these attributes. In observational research, information about

attributes is obtained through external raters. In practice, scores based on observations

are used to make decisions about subjects. In research, scores based on observations are

used to investigate the relation between different attributes, or to investigate the effect

of external criteria on subjects’ attributes. Ideally, the variation in ratings of subjects’

attributes thus originates from differences among subjects, and as little as possible from

the differences among the raters that provide these ratings. IRR expresses the degree to

which these observed ratings are independent of raters, and is imperative for observational

practice and research. It provides information about the ability to differentiate between

subjects based on ratings, and bounds the precision and validity of ratings.

The standard observational design, for which most IRR coefficients are defined, is a

complete (two-way) design. In such a design, multiple independent subjects are each rated

by multiple independent raters, and these raters are the same for each subject. However,

in social and behavioural observational research, the raters are often not the same for each

subject, resulting in incomplete data. Also, the rated subjects are often nested within

clusters or relationships, resulting in dependent data. Dependent data have various facets

that may be of theoretical interest to researchers. For example, multilevel data contain

subject and cluster-level components, and interdependent network data contain actor,

partner, and relationship components about which researchers may formulate research

questions.

None of the conceptualizations of IRR can be readily used for both incomplete and

dependent data. Ignoring the incompleteness or the distinct facets of theoretical interest in

dependent data yields IRR estimates that are of limited value. For example, to investigate

the degree to which the observed subject and cluster scores in multilevel data, or the

actor, partner, and relationship effects in social network data are independent of raters,

IRR should be estimated for each of these facets of interest separately. Also, estimation
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methods were needed to accommodate missing observations and dependence structures

in dependent data.

Using the framework of Generalizability theory (GT), this dissertation provides defi-

nitions and estimation methods of IRR for incomplete and dependent data. In Chapter

1, I introduced the topics of IRR, incomplete data, and multilevel data, and discussed

the need for new methods. In Chapter 2, I illustrated and discussed the issue of an

abundance of IRR coefficients that follow from different conceptualizations of IRR. In

Chapter 3, I explained why the intraclass correlation coefficients (ICCs) are probably

the best candidate for defining IRR, and I used GT to extend the different definitions of

ICCs to incomplete observational designs and to provide updated guidelines on when to

use which ICC definition. ICCs are traditionally estimated with ANOVA-based methods,

which are not straightforward for incomplete or dependent data. Markov chain Monte

Carlo (MCMC) estimation of hierarchical linear models can handle such data, but requires

the definition of hyperprior distributions. In Chapter 4, I investigated the effect of

different hyperprior distributions on ICC estimates under different conditions that are

common to observational studies. In Chapter 5, I described a simulation study in

which I compared the MCMC approach to estimating ICCs from incomplete data with

two maximum likelihood approaches. In Chapter 6, I generalized the definitions and

estimation methods for IRR to multilevel data, and I evaluated the IRR estimates in a

simulation study. In Chapter 7, I generalized the definitions and estimation methods

of IRR to the more complex case of interdependent network data, and I evaluated the

IRR estimates in a simulation study. In Chapter 8, I discussed the implications of this

dissertation for observational studies, and suggested directions for future IRR research.

I argue that ICCs are very useful IRR estimators, especially when scores based on

observations are used for relative purposes. I therefore highly recommend adopting ICCs

for interrater consistency as a standard measure for IRR.

This dissertation not only provides definitions and estimation methods of IRR for

incomplete and nested data, it also guides researchers in using these methods. Through-

out the different chapters, I illustrated the methods with empirical data from clinical

and developmental domains, using free software that I provide on the Open Science

Framework. Also, I provide advice about planning observational studies. Ultimately,

these methods reach a wide range of researchers, to eventually lead to more reliable

observational research.
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De centrale vraag van dit proefschrift was hoe de interbeoordelaarsbetrouwbaarheid (IBB)

kan worden geschat uit onvolledige en afhankelijke observationele data. Dit onderwerp is

van belang voor observatie-studies waarin kenmerken van subjecten gemeten worden.

Voorbeelden van dergelijke kenmerken zijn leesvaardigheid, didactische vaardigheden,

spelvaardigheid, opvoedingsgedrag en academische vaardigheden. Omdat deze kenmerken

niet direct waarneembaar zijn, gebruiken professionals en wetenschappers methoden zoals

zelfrapportage vragenlijsten of observaties om informatie over deze kenmerken te ver-

krijgen. Bij observaties wordt informatie over kenmerken verkregen door externe beoorde-

laars. In de praktijk worden scores op basis van observaties gebruikt om beslissingen te

nemen over subjecten. In onderzoek worden scores op basis van observaties gebruikt om de

relatie tussen verschillende kenmerken te onderzoeken, of om het effect van externe criteria

op de kenmerken van subjecten te onderzoeken. Idealiter is de variatie in beoordelingen

van kenmerken van subjecten dus afkomstig van verschillen tussen deze subjecten, en

zo min mogelijk van verschillen tussen de beoordelaars die de subjecten beoordelen. De

IBB drukt uit in welke mate de waargenomen beoordelingen onafhankelijk zijn van de

beoordelaars, en is van essentieel belang voor de observatiepraktijk en wetenschappelijk

onderzoek. IBB geeft informatie over het vermogen om onderscheid te maken tussen

subjecten op basis van beoordelingen, en begrenst de precisie en de validiteit van de

beoordelingen.

Het standaard observationele onderzoeksdesign, waarvoor de meeste IBB-

coëfficiënten zijn gedefinieerd, is een compleet (tweeweg) design. In een dergelijke

onderzoeksdesign worden verschillende onafhankelijke subjecten beoordeeld door

verschillende onafhankelijke beoordelaars, en deze beoordelaars zijn voor elke

persoon dezelfde. In observationeel sociaal- en gedragswetenschappelijk onderzoek

zijn de beoordelaars echter vaak niet voor elke persoon dezelfde, waardoor de

data onvolledig zijn. Ook zijn de beoordeelde subjecten vaak genest binnen

clusters of relaties, waardoor afhankelijke data ontstaan. Afhankelijke data hebben

verschillende facetten die van theoretisch belang kunnen zijn voor onderzoekers. Zo

bevatten multilevel-data componenten op persoon- en clusterniveau, en bevatten

wederzijdsafhankelijke netwerkdata actor-, partner- en relatiecomponenten waarover

onderzoekers onderzoeksvragen formuleren.

Geen van de conceptualiseringen van IBB kan worden gebruikt voor zowel onvolledige
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als afhankelijke data. Het negeren van de onvolledigheid van data of de verschillende

theoretisch belangrijke facetten in afhankelijke data levert IBB-schattingen op die van

beperkte waarde zijn. Om bijvoorbeeld te onderzoeken in hoeverre de waargenomen

persoon- en clusterscores in multilevel data, of de actor-, partner- en relatie-effecten

in sociale netwerkdata onafhankelijk zijn van beoordelaars, moet de IBB voor elk van

deze facetten afzonderlijk worden geschat. Ook waren schattingsmethoden nodig die om

kunnen gaan met ontbrekende data en afhankelijkheidsstructuren in afhankelijke data.

Gebruikmakend van de generalizeerbaarheidstheorie (GT) geeft dit proefschrift defini-

ties en schattingsmethoden voor de IBB voor onvolledige en afhankelijke data. In Hoofd-

stuk 1 introduceer ik de onderwerpen IBB, incomplete data en multilevel data, en

bespreek ik de behoefte aan nieuwe methoden. In Hoofdstuk 2 illustreer en bespreek ik

het probleem van een overvloed aan IBB-coëfficiënten die voortvloeien uit verschillende

conceptualiseringen van IBB. In Hoofdstuk 3 leg ik uit waarom de intraklasse corre-

latiecoëfficiënten (ICCs) waarschijnlijk de beste kandidaat zijn om IBB te definiëren, en

gebruik ik GT om de verschillende definities van ICCs uit te breiden tot onvolledige obser-

vationele designs, en om actuele richtlijnen te geven over wanneer welke ICC-definitie moet

worden gebruikt. ICCs worden traditioneel geschat met op variantieanalyse gebaseerde

methoden, die niet direct toepasbaar zijn voor onvolledige of afhankelijke data. Markov

chain Monte Carlo (MCMC) schatting van hiërarchische lineaire modellen is wel toepas-

baar, maar vereist de definitie van hyperprior verdelingen. In Hoofdstuk 4 onderzoek

ik het effect van verschillende hyperprior verdelingen op ICC schattingen onder ver-

schillende condities die gebruikelijk zijn bij observationele studies. In Hoofdstuk 5

beschrijf ik een simulatiestudie waarin ik de MCMC-methode voor het schatten van ICCs

op basis van onvolledige data vergeleek met twee op maximum likelihood gebaseerde

schattingsmethoden. In hoofdstuk 6 generaliseer ik de definities en schattingsmethoden

voor IBB naar multilevel data en evalueer ik de IBB-schattingen voor multilevel data in

een simulatiestudie. In Hoofdstuk 7 generaliseer ik de definities en schattingsmethoden

voor IBB naar onderling afhankelijke netwerkdata, en evalueer ik de IBB-schattingen

in een simulatiestudie. In Hoofdstuk 8 bespreek ik de implicaties van dit proefschrift

voor observationele studies, en doe ik suggesties voor toekomstig IBB-onderzoek. In dit

hoofdstuk betoog ik dat ICCs uitermate bruikbare IBB-schatters zijn, vooral wanneer

observationele data wordt gebruikt voor relatieve doeleinden. Ik beveel de ICCs voor

interbeoordelaarsconsistentie daarom van harte aan als standaardmaat voor IBB.

Mijn proefschrift resulteerde niet alleen in definities en schattingsmethoden van IBB

voor onvolledige en afhankelijke data, maar begeleidt onderzoekers ook in het gebruik

van deze methoden. Door de hoofdstukken heen worden de methoden gëıllustreerd met

empirische data uit de klinische- en ontwikkelingspedagogiek, met behulp van gratis

software die ik beschikbaar stel op het Open Science Framework. Ook geef ik in de

verschillende hoofdstukken advies voor het plannen van observationele studies. Hopelijk

bereiken deze methoden een breed scala aan onderzoekers, om uiteindelijk te leiden tot

betrouwbaarder observationeel onderzoek.
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González, & D. Molenaar (Eds.), Quantitative psychology: The 82nd annual meeting

of the Psychometric Society, Zurich, Switzerland, 2017 (pp. 67–75). Springer.

http://doi.org/10.1007/978-3-319-77249-3 6

DtH, TDJ, and LAvdA designed the study, DtH conducted the analyses, wrote the draft,

and prepared the manuscript for submission. TDJ and LAvdA provided feedback on the

manuscript.

Chapter 3 is published as:

Ten Hove, D., Jorgensen, T. D., & Van der Ark, L. A. (2022). Updated guidelines on

selecting an ICC for interrater reliability, with applications to incomplete obser-

vational designs. Psychological Methods. [Advanced Online Publication] http://

doi.org/10.1037/met0000516

DtH designed the study, wrote the first draft, revised it to an article, and prepared it for

submission. TDJ and LAvdA provided feedback on the manuscript.

Chapter 4 is published as:

Ten Hove, D., Jorgensen, T. D., & Van der Ark, L. A. (2020). Comparing hyperprior

distributions to estimate variance components for interrater reliability coefficients.
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