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Property norms (e.g., banana is yellow, aeroplane has wings) play a key role in 
cognitive science, forming the basis for many recent theoretical accounts of conceptual 
representations (e.g., Cree et al., 2006; Grondin et al., 2009; Randall et al., 2004). Such 
norms are typically derived from norming studies where a large number of human 
participants elicit properties for a set of concepts (e.g., McRae et al., 2005). 

We propose a novel system for the automated extraction of property norm-like triples from 
large text corpora which uses syntactic, encyclopedic, semantic and statistical information to 
guide extraction. Prior work has mostly focused on the simpler task of relation extraction 
(e.g., Davidov et al., 2007; Pantel and Pennacchiotti, 2008), and only Devereux et al. (2009) 
and Baroni et al. (2009) have attempted the more ambitious task of full property extraction. 

The first stage of our system employs part of speech and grammatical relation (GR) rules to 
extract candidate property triples in a concept relation feature format from our C&C-
parsed corpora (Wikipedia and the British National Corpus). These rules are derived from 
typical patterns of instantiation of property norm-like information, manually generated from a 
subset of Wikipedia. The system makes two passes over the corpus. The first pass extracts 
candidate features from short GR paths. The second pass uses these candidate features and 
longer GR paths to generate concept-relation-feature triples. These triples are grouped and 
lemmatized to remove inflectional variation, giving a set of triples with their corpus 
production frequency. 

The second stage of our system scores each triple on four statistical metrics: log-likelihood, 
pointwise mutual information, entropy and a semantic reweighting factor. A linear 
combination of scores from these metrics and normalised frequency information yields an 
ordered list of triples – we select the top twenty highest-scoring triples as our system output. 

We evaluate our system by directly comparing our output with a synonym-expanded subset 
of the McRae norms (Baroni et al., 2008). Our best F-scores are 0.147 (matching on both the 
relation and feature portions of our triples) and 0.285 (matching on features alone) when 
using a combination of triples output from the BNC and Wikipedia. We also calculate F-
scores using Baroni et al.’s evaluation criteria (i.e., evaluating the top ten features), 
outperforming their best F-score of 0.239 with an F-score of 0.321. 

In a second evaluation, two human judges evaluated our top twenty output (excluding triples 
marked as correct by our gold standard) over 15 concepts. For our combined BNC/Wikipedia 
system, our judges marked 50.2% of this subset of the output triples as correct/plausible (and 
the remainder as wrong/wrong-but-related) indicating that the majority of our output (i.e., the 
top twenty, including correct, gold standard triples) tends to be correct/plausible. 

Finally, we compare concept-concept similarity, calculating cosine similarity from our 
triples, with a WordNet semantic-similarity measure (Leacock and Chodorow, 1998) shown 



to correlate highly with human judgements (Budanitsky and Hirst, 2006). Our best system 
achieves a Pearson correlation of 0.522 with the WordNet measure when considering both 
features and relations, exceeding the correlation with the McRae norms themselves (0.470). 

Our system offers an original and effective method for property norm-like triple extraction: 
our gold standard comparison shows improvement on the current state-of-the-art and 
subsequent evaluations demonstrate the humanlike nature of our output. 
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