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Top 5 sets with best performance were shortlisted for redundancy cut-off of <0.6 and
<0.7, whereas Top25 sets were used for the cut-off of <0.8. This yielded a total of 4
features consistently associated with Nose-related side effects (See Table 8.5).
Identification of 2D features linked to Abdomen-related side effects class that were
consistently found among the top sets at different cut-offs of redundancy using PCCA.
Top 5 sets with best performance were shortlisted for redundancy cut-off of <0.6 and
£0.7, whereas Top 25 sets were used for the cut-off of <0.8. This yielded a total of 14
features consistently associated with Abdomen-related side effects (See Table 8.6).
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