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interesting example of bridging the analysis of language (in this case tweets)
with non-linguistic information (in this case heart disease data).

9. Kiritchenko, S., Zhu, X., and Mohammad, S. M. (2014). Sentiment
analysis of short informal texts. Journal of Artificial Intelligence Research, 50,
723-762. EMPIRICAL (SYSTEM).

This paper gives details about the NRC-Canada system that came first in
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paper is also an excellent resource for understanding the principles
underpinning subjective language.



