








Continued: 

P# K κ WNN UN 

1 0.07 0.12 0.23 0.65 

2 -0.12 -0.16 0.05 0.12 

3 -0.19 -0.05 0.12 0.21 

4 0.02 0.14 0.37 0.47 

5 -0.03 0.10 -0.01 0.17 

6 0.02 -0.28 0.36 0.11 

7 0.02 0.04 0.10 0.33 

8 -0.19 -0.14 0.28 0.71 

Mean -0.050 -0.029 0.188* 0.346** 

Std. 0.103 0.154 0.143 0.238 

* Better than all objective measures (p < 0.05) 

** Better than all other measures (p < 0.05) 

Table 4 shows that UN generally has a higher correlation 

with the subjective rule usefulness ratings, which suggests 

that rules predicted to be novel by the system are also useful. 

UN also outperforms all seven objective measures and WN 

in terms of correlating with user usefulness ratings, i.e. 

indicating useful rules. 

The analyses suggest that UN has a high correlation with the 

subjective rule novelty and usefulness ratings. By ranking 

the rules by the novelty score, the user can save significant 

time and effort when looking for interesting (novel and 

useful) patterns. 

6. Conclusions 

This paper presents a methodology for personalized 

knowledge discovery from text. It evaluates the 

interestingness of discovered association rules using the 

background knowledge developed from users’ background 

documents. The experiment shows that the proposed 

measure has high novelty prediction accuracy and usefulness 

indication power. It outperforms other interestingness 

measure for identifying novel and useful rules.  

We will continue our work in the following directions. (1) A 

comprehensive evaluation. A larger-scale user study is 

planned to evaluate the effects of other factors. (2) Provide 

users with the local context of rules. Some rules are short 

and difficult to comprehend without looking at the context in 

which the words are used. (3) Enhance the background 

document collecting function by recording the user’s visit 

history and relevance feedback to automatically create the 

background documents. 
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