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Figure 1: Flowchart for finding the best performing
algorithm on a dataset
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- Find out why KP-Miner works the best

on ESS-DIVE data and RAKE performs
poorly on JGI data

river corridor river crested butte

Table 1: Some examples of best-matched human-
curated vs ML-generated keyphrases

* There is no “best” NLP algorithm across
all domains

* Evaluation is done by calculating the
similarity between the human-curated
and the automated keyphrases
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