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* Apply FOCE approximation using non-normal error .
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« PoPy-ND takes a little longer to run Theta RER for PoPy-ND closer to zero than Nonmem-FOCEI Theta RER for PoPy-ND closer to zero than Nonmem-LAPLACEI
More information on PoPy THETA RMS [Mean Mean Nonmem- |Mean Fitting Mean FOCElI/Mean Nonmem- |Mean Fitting Time
. . . RER FOCEI ObjV |[FOCEI EONLY Time (secs) RMS RER |ObjV LAPLACEI EONLY |[(secs)
PoPy v1.0.5 is freely available for non commercial use or ObjV
2 month trial period for any purpose. PoPy-ND 0.2447 -2316.97  -2316.74 226 PoPy-ND 0.4876 -737.77 -733.29 1017
NM-FOCEI 0.3496 -2315.70  -2315.70 95 NM-LAPLACEl [EREYE NA 2418.49 198

Website: https://product.popypkpd.com/
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Lower RMS RER for PoPy-ND and NONMEM agrees that PoPy has Much lower RMS RER and Objective value for PoPy-ND.
found a lower objective function minima on average. Advantage due to FOCE fitting to BLQ data.
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