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IRel + O0-Coh (/N) | 52.16 41.39 37.77 25.46 57.96
IRel + 0-Coh (K) | 5229 42.48 41.29 30.70 64.24
CIRel + T-Coh (V) | 5170 1084 | 3791 2535 | 83.04
IRel + T-Coh (K) | 53.54 45.03 41.39 29.67 91.53
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EfER (%) ~27u FE (%)
Rutherford & Xue (2015) [11] 57.10 40.50
Liu 5 (2016) [7] 57.27 44.98
Braud & Denis (2016) [2] 52.81 42.27
Wu b (2017) [13] 58.85 44.84
IRel only 51.49 42.29
IRel + T-Coh 53.54 45.03
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