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_ _ _ Using in COCA (Davies, 2009), we examined the probability of We examined the 300 most frequent adjectives in COCA In Futrell & Ramcsar (2011) we found that frequent nouns
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Idea Is often problematic (Kamp & Partee, low-frequency nouns of similar semantics. A, we tound the 200 most frequent following nouns. We neighbors. Could some adjectives show the same pattern—
1995; Ramscar et al., 2010). For example, the correlated the log frequency of those nouns with their marking the frequent words in a semantic field?
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t(19)=4.1312, p<0.001. preceded by the (i.e. not preceded by any adjective).
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the case, then we should find that more < © - i 0.06 thin efficient discrimination. Further, the nouns it tends to
- : 5 appear before—water, beer, and drink—are exactly the
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preceded by adjectives. . - 0.6457 most other cold drinks).
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J Y . . y J Figure 3. Relative re_q“e”CY an_d the likelihood of being log frequency More informative nouns are more likely to appear with
then we expect the opposite: since more preceded by a pre-nominal adjective. adjectives. This doesn’t make sense if the function of
infrequent nouns are often more specific, they oot T tikelood of R rouns fellowina TR adjectives is to add detail to meaning. Yet it is perfectly
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