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What are the properties of concepts with 
mid-scale ratings?

• High disagreement among raters → High standard 
deviation

• Distinct multimodal characteristics (Study 1)
• Specific patterns of disagreement  (Study 2)

Study 2: Mid-Scale Disagreement Patterns

Study 1: Mid-Scale Peculiarities

Materials

• Concreteness ratings for 1500 English Nouns 
(Brysbaert Norms)
 

• 500 extreme abstract (1.07 - 1.71) 
• 500 mid-scale (2.90 - 3.31)
• 500 extreme concrete (4.85 - 5.00)

• Average scores (Study 1) and single ratings (Study 2)
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How can we use them in computational modeling?

• Exclude them from the study → focus on extremes • Fine-tune them according to disagreement patterns
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Figure 5: k-Means clustering (k = 3) of 500 mid-scale nouns based on original individual per-participant rating
distributions. Cluster sizes are 170, 163, and 167. The heatmap shows the rating distributions of the centroid vectors.

raters had provided a rating of 3 or similar on the
scale of 1 to 5), then we would see a standard devia-
tion around 0 in the croissant plots in Figure 1. We
however observe rather high standard deviations
for targets with mean ratings of ⇡3, thus indicat-
ing considerable disagreement across raters. The
question we are asking is how these disagreements
were triggered. We hypothesise that raters might
have been influenced differently by their individ-
ual perceptions of target characteristics, and that
we therefore find several patterns of disagreement
across the mid-scale target words.

For this exploration of disagreement patterns,
we make use of the original per-participant ratings
in Brysbaert et al. (2014), and applied a standard
k-means hard clustering approach to automatically
assign the 500 mid-scale nouns to k = 3 clus-
ters. As representations for the targets, we used
5-dimensional vectors with relative frequencies per
rating categories 1, 2, 3, 4, 5, based on the origi-
nal individual ratings, e.g., the vector for the noun
discussion is ~v = h0.15, 0.07, 0.48, 0.15, 0.15i, be-
cause 15% of the raters provided ratings of 1, 4 or
5, while 7% judged it as 2, and 48% judged it as 3.

Figure 5 presents two perspectives on the result-
ing clusters with rather homogeneous cluster sizes
170, 163, 167. On the left,11 we can see that the
three clusters are clearly separated, with relatively
small overlapping areas, thus indicating that the
underlying cluster features (i.e., the rating distri-
butions) clearly differ. This is confirmed by the
plot on the right, which shows the individual rating
distributions (y-axis) of the three cluster centroids

11We used UMAP (Uniform Manifold Approximation and
Projection) for down-scaling our distributions to two dimen-
sions (McInnes et al., 2018).

1–3 (x-axis). The heatmap exhibits rather different
patterns: in cluster 1, we find the strongest dis-
agreements among raters, where each of the two
extreme rating scores (1 and 5) were chosen by
26%, the mid-score by 19%, and the remaining
scores are equally distributed over ratings 2 and 4
(14% each); in cluster 2, 32% of the raters judged
the respective target nouns as 3 because they were
completely undecided or they consciously chose a
mid-scale semi-perception score, while the other
raters decided for 1, 2, 4, 5 with almost identical
proportions (16–18%); finally, in cluster 3 we find
a more uniform rating distribution, while a score
of 4 was given by most of the raters (26%). Table 4
provides a few example targets for each of the three
clusters, together with their rating distributions.

C Target Distribution

1
definition h0.32, 0.11, 0.14, 0.11, 0.32i
hero h0.22, 0.11, 0.26, 0.19, 0.22i
percentage h0.40, 0.03, 0.10, 0.20, 0.27i

2
coward h0.17, 0.20, 0.30, 0.20, 0.13i
discussion h0.15, 0.07, 0.48, 0.15, 0.15i
labor h0.16, 0.12, 0.40, 0.12, 0.20i

3
booster h0.32, 0.07, 0.14, 0.29, 0.18i
election h0.20, 0.10, 0.23, 0.27, 0.20i
hour h0.23, 0.07, 0.23, 0.30, 0.17i

Table 4: Examples of rating distributions for noun target
words across clusters C.

Overall, Figure 5 thus provides very strong evi-
dence in favour of our hypothesis that a mid-scale
mean rating conflates rather different patterns of
disagreements across human ratings. Figures 12
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