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Ex. level 0: This is loose. (plain text)
level 1: This is a tad loose.
level 2: This is noticeably loose.

Level 1: a tad, a bit ...
Level 2: noticeably, quite ...
Level 3: so, certainly ...

level 3: This is so loose.
0 Level 4: completely, extremely ...

level 4: This is completely loose.

Level 0: | feel sick.
Level 1: | feel a bit sick.
| feel sick . Level 2: | feel quite sick.
Level 3: | feel so sick.
Level 4: | feel completely sick.
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