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1 Methodological Setup of the Current Analysis

1.1 Project Description: Give the Titel or your Project

Give a Brief Description of your Project e.g.: This concordance analysis investigates the reliability of visual scoring
systems within the context of agricultural engineering and precision livestock management. Human observation in
ethology inevitably contains inherent noise and must be treated mathematically as providing ‘noisy labels’ rather
than representing an absolute, perfect truth. This framework evaluates the inter-subjective agreement to validate
these imperfect gold standards.

1.2 Answers to the Questions Leading to the Setup

The current analysis was automatically generated based on the following configurations:

• Input Data File: Concordance_Data_Fixed_Standard.xlsx
• Evaluated Raters/Timepoints (3): Rater_A_11, Rater_B_11, Rater_C_11
• Scale Level: Ordinal (Score Levels: 11 | Healthy/Baseline = 1)
• Applied Weighting Penalty: Linear
• Equivalence Margin (TOST): ± 0.5 score units
• ICC Calculation & Bias Recognition: Active
• Focus: Agreement
• Type: Repeatability (“intra-rater”)

Suggested Draft for the Materials and Methods Section:

To evaluate the reliability of the scoring system, the assessments of 3 independent raters/time points were compared.
The underlying variable was treated as an ordinal ranked scale with 11 distinct score levels. Disagreements were
penalized proportionally to their distance on the scale, applying a linear weighting matrix. The analysis was
designed as a repeatability check (intra-rater reliability) to assess the stability of judgments across multiple time
points. By focusing on strict absolute agreement, the framework evaluates whether assigned scores match exactly,
penalizing any systematic severity shifts. Given the scale resolution, metric equivalence testing (Deming Regression
(Deming, 1943), Bland-Altman Analysis (Bland & Altman, 1986), and Two One-Sided Tests (Walker & Nowacki,
2011)) was additionally performed with a predefined equivalence margin of ± 0.5 score units. To ensure robust
statistical inference, asymmetric 95% confidence intervals for the concordance coefficients were calculated using
percentile bootstrapping with 100 iterations. The magnitude of the resulting concordance coefficients was evaluated
according to the benchmark proposed by Landis_koch.

The analyses in this framework are based on the statistical programming language R (R Core Team, 2026). To
ensure comprehensive methodological coverage, the following libraries are integrated: knitr (Xie, 2025), dplyr
(Wickham, François, et al., 2026), tidyr (Wickham et al., 2025), ggplot2 (Wickham, Chang, et al., 2026): For
data wrangling, advanced visualization (Variability Charts), and the dynamic generation of the results report
via LaTeX/PDF; readxl (Wickham & Bryan, 2025) and writexl (Ooms & McNamara, 2024): For the reliable
import and export of data from Microsoft Excel; irr (Gamer et al., 2019), irrCAC (Gwet, 2019): Core packages
for calculating Kappa measures (Cohen, Fleiss) and Krippendorff’s Alpha, Kendall’s W, and ICC; psych (Revelle,
2026): Enables the use of complex, user-defined weighting matrices for weighted Kappa as well as certain aspects
of the ICC. The vegan library (Oksanen et al., 2026) is used to implement Legendre’s approach (Legendre, 2005)
as an extension of Kendall’s W. Bangdiwala’s B Agreement plot is generated using the vcd library (Meyer et
al., 2002) and (Meyer et al., 2006). To generate the framework’s PDF output, RStudio (Posit Team, 2026) is
required, along with the additional packages yaml (Stephens & Simonov, 2025), rmarkdown (Allaire, Xie, et al.,
2026), Quarto (Allaire, Teague, et al., 2026) and TinyTeX (Xie, 2026).
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1.3 Applied Normalized Weighting Matrix

Based on the configuration (Method: Linear), the algorithm internally uses the following distance matrix to
penalize errors. 1.0 represents perfect agreement, 0.0 represents maximum disagreement.

Score 1 2 3 4 5 6 7 8 9 10 11

1 1.0 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 0.0
2 0.9 1.0 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1
3 0.8 0.9 1.0 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2
4 0.7 0.8 0.9 1.0 0.9 0.8 0.7 0.6 0.5 0.4 0.3
5 0.6 0.7 0.8 0.9 1.0 0.9 0.8 0.7 0.6 0.5 0.4
6 0.5 0.6 0.7 0.8 0.9 1.0 0.9 0.8 0.7 0.6 0.5
7 0.4 0.5 0.6 0.7 0.8 0.9 1.0 0.9 0.8 0.7 0.6
8 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 0.9 0.8 0.7
9 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 0.9 0.8
10 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 0.9
11 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

1.4 Applied Interpretation Benchmark

Based on the configuration, the Landis_koch benchmark is used to interpret the magnitude of the concordance
coefficients in the following results:

Coefficient Interpretation

< 0 Poor
0.01 - 0.20 Slight
0.21 - 0.40 Fair
0.41 - 0.60 Moderate
0.61 - 0.80 Substantial
0.81 - 1.00 Almost Perfect

The limits and their class assignments are derived from the following sources, depending on the setup: Landis &
Koch (1977), Fleiss et al. (2003) and McHugh (2012). If you select the “custom” setting, you must determine the
appropriateness of the limits yourself.
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2 Descriptive Statistics (Groupwise/Pairwise) According to the Selected
Methodological Setup

2.1 Concordance Tables as a Cross-Matrix & Grid with Percentage Agreement

The following cross-tabulations display the absolute number of assignments for all rater combinations based on
the theoretical scale. Unoccupied categories are filled with “0” to map the complete scale matrix. The measure
calculation is based on the actual scale.

Comparison: Rater_A_11 vs. Rater_B_11

Raw Percentage Agreement (without chance correction): 86 %

Pearson’s Chi-squared test: 𝜒2 = 731.05, p-value = <0.001

Cohen’s Kappa (unweighted): 0.8454

ICC (A,1) / Absolute Agreement: 0.9735

ICC (C,1) / Consistency: 0.9735

Table Axis: Rows shows Score of = Rater_A_11 | Columns shows Score of = Rater_B_11

Score 1 2 3 4 5 6 7 8 9 10 11

1 10 0 1 1 0 0 0 0 0 0 0
2 0 11 1 0 0 0 0 0 0 0 0
3 0 0 6 0 0 0 0 0 0 0 0
4 0 0 0 5 0 0 0 0 0 0 0
5 0 0 0 1 11 0 0 1 0 0 0
6 0 0 0 0 0 9 1 0 0 0 0
7 0 0 0 0 0 0 9 1 0 1 0
8 0 0 0 0 0 1 0 7 1 0 0
9 0 0 0 0 0 0 0 0 6 0 0

10 0 0 0 0 0 0 0 0 2 6 1
11 0 0 0 0 0 0 0 1 0 0 6

Comparison: Rater_A_11 vs. Rater_C_11

Raw Percentage Agreement (without chance correction): 54 %

Pearson’s Chi-squared test: 𝜒2 = 508.33, p-value = <0.001

Cohen’s Kappa (unweighted): 0.4934

ICC (A,1) / Absolute Agreement: 0.9771

ICC (C,1) / Consistency: 0.9874

Table Axis: Rows shows Score of = Rater_A_11 | Columns shows Score of = Rater_C_11

Score 1 2 3 4 5 6 7 8 9 10 11

1 8 4 0 0 0 0 0 0 0 0 0
2 0 6 6 0 0 0 0 0 0 0 0
3 0 0 1 5 0 0 0 0 0 0 0
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Score 1 2 3 4 5 6 7 8 9 10 11

4 0 0 0 3 2 0 0 0 0 0 0
5 0 0 0 0 6 7 0 0 0 0 0
6 0 0 0 0 0 4 6 0 0 0 0
7 0 0 0 0 0 0 7 4 0 0 0
8 0 0 0 0 0 0 0 4 5 0 0
9 0 0 0 0 0 0 0 0 4 2 0

10 0 0 0 0 0 0 0 0 0 4 5
11 0 0 0 0 0 0 0 0 0 0 7

Comparison: Rater_B_11 vs. Rater_C_11

Raw Percentage Agreement (without chance correction): 49 %

Pearson’s Chi-squared test: 𝜒2 = 416.30, p-value = <0.001

Cohen’s Kappa (unweighted): 0.4385

ICC (A,1) / Absolute Agreement: 0.9542

ICC (C,1) / Consistency: 0.9609

Table Axis: Rows shows Score of = Rater_B_11 | Columns shows Score of = Rater_C_11

Score 1 2 3 4 5 6 7 8 9 10 11

1 6 4 0 0 0 0 0 0 0 0 0
2 0 5 6 0 0 0 0 0 0 0 0
3 1 1 1 5 0 0 0 0 0 0 0
4 1 0 0 3 2 1 0 0 0 0 0
5 0 0 0 0 6 5 0 0 0 0 0
6 0 0 0 0 0 4 5 1 0 0 0
7 0 0 0 0 0 0 6 4 0 0 0
8 0 0 0 0 0 1 1 3 4 0 1
9 0 0 0 0 0 0 0 0 5 3 1

10 0 0 0 0 0 0 1 0 0 3 3
11 0 0 0 0 0 0 0 0 0 0 7
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2.2 Graphical Exploration: Bangdiwala’s 𝐵 Agreement Plot

Agreement Plot: Rater_A_11 vs. Rater_B_11

Calculated Bangdiwala’s B-Value: 0.7648
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Agreement Plot: Rater_A_11 vs. Rater_C_11

Calculated Bangdiwala’s B-Value: 0.3351
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Agreement Plot: Rater_B_11 vs. Rater_C_11

Calculated Bangdiwala’s B-Value: 0.2737
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2.3 Classwise Agreement

While global concordance measures describe the overall quality of the scoring, this evaluation highlights which
specific scores carry the highest uncertainty.

Note: Classwise Kappa calculation is deactivated for metric data due to mathematical constraints. It is primarily
intended for discrete categorical expressions.
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3 Results of the Statistical Analysis According to Chosen Methodological Setup

3.1 Concordance Analysis

The following table dynamically lists all theoretical variants evaluated by the framework logic. Methods that are
mathematically unsupported or strongly discouraged given the current configuration are marked with n/a.

No. Methode Value 95 % CI Interpretation if 𝑚 > 2 Weighting?

1 Percentage Agreement 𝑝𝑜% 63.000 % [0.5532; 0.6867] pairwise avg. not applicable

2 Cohen’s Kappa n/a n/a Deactivated by Rule En-
gine (Variant 18 (Metric,
m>2))

pairwise avg. no

3 Weighted Kappa n/a n/a Deactivated by Rule En-
gine (Variant 18 (Metric,
m>2))

pairwise avg. yes if 𝑘 > 2

4a PABAK 2 × 2 n/a n/a Deactivated by Rule En-
gine (Variant 18 (Metric,
m>2))

pairwise avg. no

4b PABAK 𝑅 × 𝐶 n/a n/a Deactivated by Rule En-
gine (Variant 18 (Metric,
m>2))

pairwise avg. no

5 Fleiss’ Kappa n/a n/a Deactivated by Rule En-
gine (Variant 18 (Metric,
m>2))

native no

6 Krippendorff’s Alpha n/a n/a Deactivated by Rule En-
gine (Variant 18 (Metric,
m>2))

native yes if 𝑘 > 2

7a Gwet’s 𝐴𝐶1 n/a n/a Deactivated by Rule En-
gine (Variant 18 (Metric,
m>2))

native no

7b Gwet’s 𝐴𝐶2 n/a n/a Deactivated by Rule En-
gine (Variant 18 (Metric,
m>2))

native yes if 𝑘 > 2

8 Kendall’s 𝑊 n/a n/a Deactivated by Rule En-
gine (Variant 18 (Metric,
m>2))

native based on ordinal

9a 𝐼𝐶𝐶(𝐶,1) 0.9740 [0.9640; 0.9817] native based on ordinal

9b 𝐼𝐶𝐶(𝐴,1) 0.9683 [0.9475; 0.9801] native based on ordinal

10 Bangdiwala’s 𝐵 Agreement n/a n/a Deactivated by Rule En-
gine (Variant 18 (Metric,
m>2))

native only visual

11 Deming Regression 0.9741 [0.9596; 0.9843] pairwise avg. not applicable

12 Bland-Altman, TOST 0.3067 [0.2533; 0.3702] pairwise avg. not applicable
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3.2 Metric Equivalence-Tests

Pairwise Deming Slope [95% CI] Deming Intercept [95% CI] Bland-Altman (Mean Diff) [95% CI] TOST (p-Value) Equivalence

Rater_A_11 vs. Rater_B_11 0.979 [0.937; 1.029] 0.198 [-0.048; 0.403] -0.080 [-0.223; 0.063] 3.46e-08 Yes (± 0.5)

Rater_A_11 vs. Rater_C_11 0.997 [0.972; 1.027] 0.479 [0.310; 0.649] -0.460 [-0.559; -0.361] 0.213 No

Rater_B_11 vs. Rater_C_11 1.018 [0.971; 1.065] 0.276 [-0.024; 0.635] -0.380 [-0.553; -0.207] 0.0863 No

3.3 Bias-Analysis

Overall System Bias (All Raters)

Mean Difference (Absolute Average): 0.3 score units (Equivalence Margin: ± 0.5)

Metric/Variance Bias Analysis (𝐼𝐶𝐶(𝐴,1) vs. 𝐼𝐶𝐶(𝐶,1)): (Values: 𝐼𝐶𝐶(𝐴,1) = 0.968 | 𝐼𝐶𝐶(𝐶,1) = 0.974) →
Discrepancy (𝐼𝐶𝐶(𝐶,1) - 𝐼𝐶𝐶(𝐴,1)) = 0.006. No strong systematic bias: The appraisers show both acceptable
consistency and absolute agreement.

Pairwise Bias Analysis

Comparison: Rater_A_11 vs. Rater_B_11

Mean Difference: -0.1 score units (Equivalence Margin: ± 0.5)

Metric/Variance Bias Analysis (𝐼𝐶𝐶(𝐴,1) vs. 𝐼𝐶𝐶(𝐶,1)): (Values: 𝐼𝐶𝐶(𝐴,1) = 0.973 | 𝐼𝐶𝐶(𝐶,1) = 0.974) →
Discrepancy (𝐼𝐶𝐶(𝐶,1) - 𝐼𝐶𝐶(𝐴,1)) = 0.000. No strong systematic bias: The appraisers show both acceptable
consistency and absolute agreement.

Comparison: Rater_A_11 vs. Rater_C_11

Mean Difference: -0.5 score units (Equivalence Margin: ± 0.5)

Metric/Variance Bias Analysis (𝐼𝐶𝐶(𝐴,1) vs. 𝐼𝐶𝐶(𝐶,1)): (Values: 𝐼𝐶𝐶(𝐴,1) = 0.977 | 𝐼𝐶𝐶(𝐶,1) = 0.987) →
Discrepancy (𝐼𝐶𝐶(𝐶,1) - 𝐼𝐶𝐶(𝐴,1)) = 0.010. No strong systematic bias: The appraisers show both acceptable
consistency and absolute agreement.

Comparison: Rater_B_11 vs. Rater_C_11

Mean Difference: -0.4 score units (Equivalence Margin: ± 0.5)

Metric/Variance Bias Analysis (𝐼𝐶𝐶(𝐴,1) vs. 𝐼𝐶𝐶(𝐶,1)): (Values: 𝐼𝐶𝐶(𝐴,1) = 0.954 | 𝐼𝐶𝐶(𝐶,1) = 0.961) →
Discrepancy (𝐼𝐶𝐶(𝐶,1) - 𝐼𝐶𝐶(𝐴,1)) = 0.007. No strong systematic bias: The appraisers show both acceptable
consistency and absolute agreement.
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4 Methodological Classification & Decision-Making Guide

4.1 Profile of the statistical methods used in concordance and agreement analysis

4.1.1 Percentage of agreement

1. Scale level: nominal / ordinal;
2. Number of raters: in its basic form 𝑚 = 2 (for 𝑚 > 2 usually as the mean of all pairwise comparisons);
3. Weighting: none (only exact matches count, main diagonal);
4. Classification: purely descriptive measure to display the absolute agreement rate;
5. Prerequisites & Limitations: major weakness is that chance is completely ignored. With only two categories

(Yes/No), agreement by pure guessing would already be 50 %, which often makes 𝑝𝑜% alone seem too
optimistic;

6. Critique & No-Go: must never be used in scientific papers as the sole measure of reliability. It serves as a
necessary supplement to chance-corrected measures to make their results interpretable (especially in cases of
paradoxes).

4.1.2 Cohen’s Kappa

1. Scale level: nominal (also usable for ordinal data, but then ignores the ranking);
2. Number of raters: in its basic form 𝑚 = 2 (for 𝑚 > 2 usually as the mean of all pairwise comparisons);
3. Weighting: none; every error is considered equal;
4. Classification: primarily designed for absolute agreement in repeatability and reproducibility;
5. Prerequisites & Limitations: the observers must judge independently of each other. The biggest weakness is

the extreme susceptibility to the prevalence paradox;
6. Critique & No-Go: for very rare or very common traits, the value drops massively, even if the raters show

high agreement (𝑝𝑜). In such a case, 𝑝𝑒 mathematically approaches 𝑝𝑜, leading to a disproportionately small
Kappa value. Main Source to Cite: Cohen (1960)

4.1.3 Weighted Kappa

1. Scale level: ordinal;
2. Number of raters: in its basic form 𝑚 = 2 (for 𝑚 > 2 usually as the mean of all pairwise comparisons);
3. Weighting: yes (linear, quadratic, or defined via individual matrices);
4. Classification: measures a weighted agreement. Used to determine reproducibility and repeatability for

graded scores;
5. Prerequisites & Limitations: requires that distances between levels can be meaningfully interpreted. A

quadratic weighting is mathematically similar to the 𝐼𝐶𝐶. The prevalence paradox described above also
applies to weighted Kappa;

6. Critique & No-Go: application to purely nominal data without a ranking (e.g., different breeds), since a
“distance” between categories is biologically meaningless here. Main Source to Cite: Cohen (1968), Cohen
(1972)

4.1.4 PABAK

1. Scale level: nominal (mostly dichotomous, but expandable to 𝑘 categories);
2. Number of raters: in its basic form 𝑚 = 2 (for 𝑚 > 2 usually as the mean of all pairwise comparisons);
3. Weighting: none;
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4. Classification: agreement measure for repeatability and reproducibility, specialized for datasets with a skewed
distribution (e.g., almost exclusively healthy animals);

5. Prerequisites & Limitations: calculates a theoretical Kappa assuming perfect uniform distribution (no bias, no
prevalence distortion). It shows the potential agreement given an optimal trait distribution. For multi-level
nominal data (𝑅 × 𝐶), it effectively evaluates binary exact matches against all mismatches
while adjusting for the correct 1/𝑘 chance probability.

6. Critique & No-Go: critics accuse PABAK of artificially “beautifying” the agreement, as real difficulties in
detecting rare cases are ignored. It should therefore always be reported alongside the classic Kappa. Main
Source to Cite: Byrt et al. (1993)

4.1.5 Fleiss’ Kappa

1. Scale level: nominal (also usable for ordinal data, but then ignores the ranking);
2. Number of raters: 𝑚 ≥ 2;
3. Weighting: none;
4. Classification: measure of agreement in reproducibility within larger teams;
5. Prerequisites & Limitations: requires a constant number of judgments per object. Like the classic Kappa, it

is extremely prevalence-dependent (prevalence paradox) and ignores the distance of incorrect decisions in
ordinal data;

6. Critique & No-Go: Fleiss’ Kappa should not be used in isolation if specific rater differences need to be
uncovered. Here, the analysis should be supplemented by pairwise Kappas to avoid “blind spots” in averaging.
It is primarily chosen to depict the overall agreement of a team; an exploratory review of pairwise agreements
is (if feasible) still recommended. Main Source to Cite: Fleiss (1971), Fleiss et al. (2003)

4.1.6 Krippendorff’s Alpha

1. Scale level: any (nominal, ordinal, interval, ratio) due to the universal use of the distance function 𝛿2;
2. Number of raters: any (𝑚 ≥ 2), the number of judgments per object does not have to be constant (excellent

handling of missing values);
3. Weighting: yes, is a core component of the Krippendorff algorithm and is regulated via the distance function;
4. Classification: a comprehensive agreement measure even for incomplete and complex experimental designs.

It can be used both for reproducibility (different raters) and for repeatability (one rater at ≥ 2 time points).
It contains a correction factor for small samples (𝑛), making it more precise than Fleiss’ Kappa;

5. Prerequisites & Limitations: a minimum variance of the sample must be given so that Alpha can measure the
consistency of distinction. Alpha thus suffers from the same paradox as Kappa. In homogeneous groups (e.g.,
almost all cows are healthy), Alpha drops towards zero since there is hardly any “expected disagreement”.
Any minimal real deviation is disproportionately penalized here. Like Fleiss, Alpha aggregates all judgments.
A single poor rater is “smoothed out” in the total value but lowers it non-specifically;

6. Critique & No-Go: Krippendorff is often more conservative than Kappa. Using it as the “only truth” with
homogeneous data is a no-go. A low Alpha with low observed disagreement (𝐷𝑜) or high percentage agreement
(𝑝𝑜) is often an artifact of the sample, not the rater quality. Forgoing pairwise analyses when trying to
identify “problem raters” in the team is also strongly discouraged. Main Source to Cite: Krippendorff (2018),
Krippendorff (2004)

4.1.7 Gwet’s 𝐴𝐶1 and 𝐴𝐶2

1. Scale level: 𝐴𝐶1 for nominal data, 𝐴𝐶2 for ordinal or interval data;
2. Number of raters: any (𝑚 ≥ 2);
3. Weighting: yes, for 𝐴𝐶2 (analogous to weighted Kappa or Krippendorff);
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4. Classification: agreement measure that protects the stability of the judgment against coincidental agreements
in extreme distributions;

5. Prerequisites & Limitations: mathematically more robust than Kappa, Fleiss, and Krippendorff with skewed
distributions. The main hurdle is its lower familiarity in classical literature, which is why it is often reported in
addition to Kappa. Specialty: animal health monitoring and diagnosis of rare diseases, where the prevalence
paradox would distort the results;

6. Critique & No-Go: Gwet’s 𝐴𝐶 is considered a more “liberal” measure. Sole reporting without justification
regarding the prevalence situation is a no-go. Criticism is often leveled at the model concept of “random
guessing”, which underlies the calculation of 𝑒(𝛾). In reality, there will likely always be a gray area between
total knowledge and total guessing. For ordinal data, 𝐴𝐶2 should always be used with explicit mention of
the weights (linear/quadratic). Main Source to Cite: Gwet (2008), Gwet (2014)

4.1.8 Kendall’s 𝑊

1. Scale level: ordinal (rank data);
2. Number of raters: any (𝑚 ≥ 2);
3. Weighting: not applicable (the measure is based on ranks);
4. Classification: measure of concordance (rank agreement) within groups or teams;
5. Prerequisites & Limitations: does not react to absolute level differences (bias). Requires a mathematical

correction in the denominator for ties (identical scores), which is part of the standard implementation in
software;

6. Critique & No-Go: a high 𝑊 does not prove exact agreement, but only a synchronous ranking. 𝑊 must not
be used as the sole proof of diagnostic accuracy. In diagnostics, absolute agreement (Kappa/Gwet) is crucial.
It is the ideal tool for root cause analysis (bias check) in a team. Main Source to Cite: Kendall & Smith
(1939)

4.1.9 Intraclass Correlation Coefficient: 𝐼𝐶𝐶(𝐴,1) and 𝐼𝐶𝐶(𝐶,1)

1. Scale level: metric or pseudo-metric (recommended for 𝑘 ≥ 7 levels; for 𝑘 = 5 only with reservations);
2. Number of raters: any (𝑚 ≥ 2);
3. Weighting: implicit (quadratic via analysis of variance);
4. Classification:

• 4.1 Model choice: Two-Way Random for reproducibility (generalization to the population) and Two-Way
Mixed for internal repeatability;

• 4.2 Application: both consistency and absolute agreement; resulting in 𝐼𝐶𝐶(𝐶,1) and 𝐼𝐶𝐶(𝐴,1);
• 4.3 Error analysis: comparing both values (𝐼𝐶𝐶𝐶 vs. 𝐼𝐶𝐶𝐴) serves as a systematic bias detector;

5. Prerequisites & Limitations: since the 𝐼𝐶𝐶 is a ratio of variances, it strictly requires differences between
objects. In homogeneous groups (e.g., 50 healthy cows with score 0), the 𝐼𝐶𝐶 mathematically approaches
zero or becomes undefined (𝑀𝑆𝐼𝑡𝑒𝑚𝑠 = 0), even at 100% agreement;

6. Critique & No-Go: unsuitable for narrow ordinal scales (𝑘 < 5) and homogeneous samples without variance;
here, percentage agreement or Gwet’s 𝐴𝐶 is essential as a corrective measure. Main Source to Cite: Fisher
(1967), Fleiss & Cohen (1973)

4.1.10 Bangdiwala’s 𝐵 Agreement Plot

1. Scale level: nominal / ordinal (weighting possible);
2. Number of raters: 𝑚 = 2 (extensions for 𝑚 > 2 exist but are graphically complex);
3. Weighting: possible (geometric representation of neighborhood agreements);
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4. Classification: descriptive and visually exploratory measure, ideal for identifying “problem categories” and
systematic deviations;

5. Prerequisites & Limitations: does not provide a p-value or a direct chance correction in the classic sense; the
focus is on visual evidence;

6. Critique & No-Go: should not be used as a replacement, but as a qualitative supplement to chance-corrected
measures (Kappa, Gwet, etc.) in scientific applications. Main Source to Cite: Bangdiwala & Shankar (2013),
Munoz & Bangdiwala (1997), Stokes & Koch (2011)

4.1.11 Deming Regression

1. Scale level: metric or pseudo-metric (ordinal with 𝑘 ≥ 8);
2. Number of raters: exactly two (𝑚 = 2);
3. Weighting: not applicable;
4. Classification: a regression-based approach to evaluate both absolute agreement and systemic bias. Unlike

ordinary least squares (OLS) regression, it accounts for measurement errors in both the x and y variables
simultaneously;

5. Prerequisites & Limitations: assumes that both raters or methods are subject to measurement error, which
is typical in ethological scoring. The interpretation of the intercept indicates a fixed/systematic bias, while
the slope indicates proportional bias;

6. Critique & No-Go: completely unsuitable for low-level categorical or narrow ordinal data. A correlation
coefficient derived from Deming regression is a measure of linear relationship, not strictly an agreement
measure on its own, and must always be contextualized. Main Source to Cite: Deming (1943)

4.1.12 Bland-Altman Plot and Equivalence Analysis

1. Scale level: metric or pseudo-metric (ordinal with 𝑘 ≥ 8);
2. Number of raters: exactly two (𝑚 = 2);
3. Weighting: not applicable;
4. Classification: visual and statistical method to evaluate agreement by plotting differences between mea-

surements against their mean. Often supplemented by Two One-Sided Tests (TOST) to prove practical
equivalence within a predefined margin (𝜖);

5. Prerequisites & Limitations: the differences between measurements should be approximately normally
distributed. The equivalence margin 𝜖 must be clinically or ethologically justified prior to the analysis;

6. Critique & No-Go: a high correlation does not imply good agreement; Bland-Altman is required to assess
the actual magnitude of discrepancies. It fails to capture non-linear biases easily if not plotted, and should
never be used for nominal or short ordinal scales. Main Source to Cite: Bland & Altman (1986), Schuirmann
(1987), Walker & Nowacki (2011)

4.2 Key points of the statistical analyses

4.2.1 The Prevalence/Bias Paradox

In practice, the problem frequently arises that the herd prevalence of a trait is extremely asymmetric (e.g., 90%
of the animals are healthy, 10% are lame). Classic measures like Cohen’s Kappa punish any minor deviation by
the raters extremely harshly in such homogeneous datasets. Even with a percentage agreement of 95%, Kappa
can drop close to 0. Therefore, this framework calculates more robust alternatives like the PABAK (Prevalence
and Bias Adjusted Kappa) and Gwet’s 𝐴𝐶 in parallel to prevent severe misinterpretations of the measurement
system’s reliability. Main Source to Cite: Feinstein & Cicchetti (1990), Cicchetti & Feinstein (1990).
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4.2.2 Relevance of Weighting (Penalty)

Cohen’s Kappa or Gwet’s 𝐴𝐶1 are unweighted in their basic form. This means every deviation is considered
equally wrong. For ordinal scales, unweighted calculations are legitimate if exact agreement is required. In practice,
however, an error of Score 1 vs. a strongly deviating score is often more fatal than a deviation between two
adjacent disease scores. Therefore, weightings should be applied: * Linear: Penalizes errors proportionally to the
distance (Standard for ordinal scores). * Quadratic: Penalizes outliers disproportionately strong (similar to the
𝐼𝐶𝐶). * Individual (Irregular): Allows specific misclassifications to be weighted clinically. Main Source to Cite:
Cicchetti & Allison (1971), Fleiss & Cohen (1973)

4.2.3 Experimental Feature: Asymmetric Confidence Intervals via Bootstrapping

Neither PABAK nor Krippendorff’s Alpha possess closed analytical formulas for the exact calculation of confidence
intervals in their basic mathematical form. To close this scientific gap, this framework utilizes percentile bootstrapping
(Standard: 100 iterations). Thousands of random new samples (with replacement) are drawn from the existing raw
data. Bootstrapping is consistently applied as the primary or secondary CI-source for the following methods in
this report:

• Methode 1: Percentage Agreement
• Methode 2: Cohen’s Kappa
• Methode 3: Weighted Kappa
• Methode 4: PABAK 2x2 (4a) and PABAK RxC (4b)
• Methode 5: Fleiss’ Kappa
• Methode 6: Krippendorff’s Alpha
• Methode 7: Gwet’s 𝐴𝐶1 (7a) and Gwet’s 𝐴𝐶2 (7b)
• Methode 8: Kendall’s 𝑊
• Methode 10: Bangdiwala’s 𝐵
• Methode 11: Deming Orthogonal Regression
• Methode 12: Bland-Altman Mean Difference and TOST

The immense advantage of this iterative procedure is that the confidence interval turns out naturally asymmetric.
It adapts exactly to the skewness of the data and prevents mathematically impossible boundaries (like values
> 1.0).

4.2.4 Threshold Models: Transition from Dichotomous to Ordinal to Metric

When moving from dichotomous to ordinal scales (e.g., 5-point scores), human observation acts as an imperfect gold
standard. It contains inherent noise and must be treated mathematically as ‘Noisy Labels’ rather than an absolute
truth. As the number of categories increases (e.g., 𝑘 > 7), the scale approaches a metric continuum, requiring
different statistical approaches like the Intraclass Correlation Coefficient (𝐼𝐶𝐶). For narrower ordinal scales
(𝑘 ≤ 4), weighted categorical metrics (like Gwet’s 𝐴𝐶2) are strictly preferred over metric correlation techniques to
avoid variance distortion. Main Source to Cite: Dealing with Narrow Ordinal Scales: Rhemtulla et al. (2012);
Board Ordinal: Norman (2010), Sullivan & Artino (2013); Pseudo Metric: Finney & DiStefano (2006), Jensen et
al. (2005), Lozano et al. (2008), Kvam et al. (2023)
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4.2.5 Consistency vs. Agreement? What Does It Do?

Consistency measures whether raters rank objects in the same relative order (e.g., identifying differences systemati-
cally), effectively ignoring systematic offsets (bias). A rater who always scores exactly one point higher than a
colleague will still show perfect consistency. Absolute agreement, however, requires raters to assign the exact same
score, penalizing any level shifts or strictness differences. Comparing both mathematically reveals the exact nature
of the measurement error.

4.2.6 Repeatability vs. Reproducibility

Repeatability (Intra-rater reliability) assesses the consistency of a single rater evaluating the same subjects multiple
times under the same conditions. Reproducibility (Inter-rater reliability) evaluates the agreement between different
raters evaluating the same subjects. Both are essential dimensions of a full Measurement Systems Analysis (MSA)
to separate human cognitive drift from general scoring ambiguities. Main Source to Cite: AIAG-Work Group
(2010)

4.2.7 What to Do When There Are More Than 2 Raters or Time Points?

For groupwise analyses (𝑚 > 2), pairwise metrics are insufficient to capture the overall system performance, as
they only describe isolated fractions of the team. Omnibus measures like Fleiss’ Kappa, Krippendorff’s Alpha, and
multi-rater Gwet’s 𝐴𝐶1 and 𝐴𝐶2 are utilized to aggregate the overall agreement across the entire panel. Pairwise
analysis should then be used selectively to trace back which specific rater combination causes the drop in the
global coefficient.
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