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1 1.1857 1.6175
2 1.0652 1.4608
3 1.6192 1.5120
4 1.4988 15120
5 1.3862 1.5120
6 1.5101 1.4608
7 1.3670 1.4608
8 1.3567 1.5150
9 1.2080 1.6203
10 1.40569 1.5230
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