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estimation of a population pharmacokinetic model.  Historically, the most popular methods 
have been the First Order Conditional Estimation (FOCE) methods provided by NONMEM®, 00( ) p y ®,
which generally provide acceptable accuracy in parameter estimates and likelihood 20which generally provide acceptable accuracy in parameter estimates and likelihood 
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evaluation.  An alternative FOCE algorithm was proposed by Lindstrom and Bates [1] that 0

00

allows a significant simplification to the optimization of the likelihood and should result in 10g p p
faster runtimes To our knowledge an extensive investigation of the accuracy speed andfaster runtimes.  To our knowledge, an extensive investigation of the accuracy, speed, and 
robustness of the Lindstrom Bates FOCE (FOCE LB) algorithm with respect to pharmacokinetic n 50robustness of the Lindstrom-Bates FOCE (FOCE-LB) algorithm with respect to pharmacokinetic 
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For this evaluation we use a large set of test data and models that were previously generatedFor this evaluation we use a large set of test data and models that were previously generated 
by Laveille et al [2] for an evaluation of the SAEM algorithm implemented in MONOLIX The 2by Laveille et al [2] for an evaluation of the SAEM algorithm implemented in MONOLIX. The 
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models were transcribed to Pharsight Modeling Language (PML) for use with Phoenix NLME 0 2

and both Phoenix NLME and NONMEM model sets were automated in the same environmentand both Phoenix NLME and NONMEM model sets were automated in the same environment 
with equivalent settings and initial estimates We compare run time of the main algorithmwith equivalent settings and initial estimates.  We compare run time of the main algorithm 
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convergence code or message, and parameter estimates.  We compare cases where FOCE-ELS 0 NM-ELS failedg g , p p
and FOCE-LB both converge and highlight cases where convergence is differentand FOCE-LB both converge and highlight cases where convergence is different. -6 -5 -4 -3 -2 -1 0 1-6 -5 -4 -3 -2 -1 0 1
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Figure 1g
1 The FOCE-LB algorithm converges in 94% of the cases compared to 73% for FOCE-ELS1. The FOCE LB algorithm converges in 94% of the cases, compared to 73% for FOCE ELS.

ELS Objective Function: Nonmem VII FOCEI - Phoenix NLME FOCEI-LB
2 The FOCE LB algorithm was faster in 94% of the cases where both algorithms converged

ELS Objective Function: Nonmem VII FOCEI  Phoenix NLME FOCEI LB
2. The FOCE-LB algorithm was faster in 94% of the cases where both algorithms converged.  

On average FOCE-LB was 4 times faster than FOCE-ELS and it was 13 times faster over all 
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the mutually converged problems.
01_BOLUS_1CPT_VCL.VCL.All  
01_BOLUS_1CPT_VCL.VCL.MD  
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02_BOLUS_2CPT_VVMKM.K12K21VMKM.MD  
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02 BOLUS 2CPT VVMKM V1QV2VMKM Allthe mutually converged problems. 01_BOLUS_1CPT_VCL.VCL.SD  
01_BOLUS_1CPT_VCL.VCL.SS  

02_BOLUS_2CPT_VVMKM.V1QV2VMKM.All  
02_BOLUS_2CPT_VVMKM.V1QV2VMKM.MD  

3 The FOCE-LB algorithm converged in 97% of the cases in which FOCE-ELS also converged
01_BOLUS_1CPT_VCL.VK.All  
01 BOLUS 1CPT VCL.VK.MD  

02_BOLUS_2CPT_VVMKM.V1QV2VMKM.SD  
03 INF 2CPT VCL.CLV1QV2.All  3. The FOCE-LB algorithm converged in 97% of the cases in which FOCE-ELS also converged.  

Of th 25% i ifi tl d 23% i ifi tl b tt th FOCE ELS

_ _ _
01_BOLUS_1CPT_VCL.VK.SD  
01 BOLUS 1CPT VCL.VK.SS

_ _ _
03_INF_2CPT_VCL.CLV1QV2.MD  
03 INF 2CPT VCL.CLV1QV2.SDOf these, 25% were significantly worse and 23% were significantly better than FOCE-ELS 01_BOLUS_1CPT_VCL.VK.SS  

02_BOLUS_1CPT_VVMKM.All  
02 BOLUS 1CPT VVMKM.MD

03_INF_2CPT_VCL.CLV1QV2.SD  
03_INF_2CPT_VCL.CLV1QV2.SS  

03 INF 2CPT VCL.VKK12K21.All
results.

02_BOLUS_1CPT_VVMKM.MD  
02_BOLUS_1CPT_VVMKM.SD  

03 INF 1CPT VCL VCL All

03_INF_2CPT_VCL.VKK12K21.All  
03_INF_2CPT_VCL.VKK12K21.MD  
03 INF 2CPT VCL VKK12K21 SD03_INF_1CPT_VCL.VCL.All  

03_INF_1CPT_VCL.VCL.MD  
03 INF 1CPT VCL VCL SD

03_INF_2CPT_VCL.VKK12K21.SD  
03_INF_2CPT_VCL.VKK12K21.SS  

04 INF 2CPT VVMKM V1QV2VMKM All

4 The FOCE-ELS algorithm converged in 77% of the cases in which FOCE-LB also converged
03_INF_1CPT_VCL.VCL.SD  
03_INF_1CPT_VCL.VCL.SS  

03 INF 1CPT VCL VK All

04_INF_2CPT_VVMKM.V1QV2VMKM.All  
04_INF_2CPT_VVMKM.V1QV2VMKM.MD  
04 INF 2CPT VVMKM V1QV2VMKM SD4. The FOCE ELS algorithm converged in 77% of the cases in which FOCE LB also converged.  

Of these 25% converged to a different and significantly worse result and 21% converged
03_INF_1CPT_VCL.VK.All  
03_INF_1CPT_VCL.VK.MD  
03 INF 1CPT VCL VK SD

04_INF_2CPT_VVMKM.V1QV2VMKM.SD  
04_INF_2CPT_VVMKM.VK12K21VMKM.All  
04 INF 2CPT VVMKM VK12K21VMKM MDOf these, 25% converged to a different and significantly worse result and 21% converged 03_INF_1CPT_VCL.VK.SD  

03_INF_1CPT_VCL.VK.SS  
04 INF 1CPT VVMKM All

04_INF_2CPT_VVMKM.VK12K21VMKM.MD  
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05 ORAL0 2CPT TIVCL TICLV1QV2 Allto a different and significantly better result than FOCE-LB results. 04_INF_1CPT_VVMKM.All  
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1 When comparing estimates we consider results equivalent when: if NONMEM returned
06_ORAL0_1CPT_TIVVMKM.All  
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07 ORAL1 2CPT KAVCL KACLV1QV2 MDstandard errors from the covariance step the FOCE-LB estimate falls within the confidence 07_ORAL1_1CPT_KAVCL.VCL.MD  

07_ORAL1_1CPT_KAVCL.VCL.SD  
07 ORAL1 1CPT KAVCL VCL SS

07_ORAL1_2CPT_KAVCL.KACLV1QV2.MD  
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07 ORAL1 2CPT KAVCL KACLV1QV2 SS
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interval, or if no standard errors are available, the estimate is within 5%.
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2 When comparing objective function values we take a difference greater than 2 to be
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_ _ _
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08 ORAL1 2CPT KAVVMKM.KAK12K21VMKM.All2. When comparing objective function values we take a difference greater than 2 to be 
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08_ORAL1_1CPT_KAVVMKM.All  
08_ORAL1_1CPT_KAVVMKM.MD  
08 ORAL1 1CPT KAVVMKM SD
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08 ORAL1 2CPT KAVVMKM KAK12K21VMKM SDsignificant. 08_ORAL1_1CPT_KAVVMKM.SD  
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09 ORAL0 1CPT TLAGTIVCL VCL MD
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3. When comparing runtimes, we use ratios.  The base 2 logarithm is convenient for 
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comparison because it spans several integer values (for these results) and can be
09_ORAL0_1CPT_TLAGTIVCL.VK.MD  
09_ORAL0_1CPT_TLAGTIVCL.VK.SD  
09 ORAL0 1CPT TLAGTIVCL VK SS

09_ORAL0_2CPT_TLAGTIVCL.TLAGTICLV1QV2.SD  
09_ORAL0_2CPT_TLAGTIVCL.TLAGTICLV1QV2.SS  

09 ORAL0 2CPT TLAGTIVCL TLAGTIVKK12K21 Allcomparison because it spans several integer values (for these results) and can be 
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09_ORAL0_1CPT_TLAGTIVCL.VK.SS  
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09_ORAL0_2CPT_TLAGTIVCL.TLAGTIVKK12K21.All  
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4. Convergence of FOCE-ELS was gauged as either successful or unsuccessful.  The only 
_ _ _

11_ORAL1_1CPT_TLAGKAVCL.VCL.SD  
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_ _ _
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failures seen were termination due to precision, which corresponds to the FOCE-LB return
11_ORAL1_1CPT_TLAGKAVCL.VCL.SS  

11_ORAL1_1CPT_TLAGKAVCL.VK.All  
11 ORAL1 1CPT TLAGKAVCL VK MD

10_ORAL0_2CPT_TLAGTIVVMKM.TLAGTIV1QV2VMKM.All  
10_ORAL0_2CPT_TLAGTIVVMKM.TLAGTIV1QV2VMKM.MD  
10 ORAL0 2CPT TLAGTIVVMKM TLAGTIV1QV2VMKM SDfailures seen were termination due to precision, which corresponds to the FOCE LB return 

code ( 1) Messages of success or probable success from FOCE ELS correspond we think
11_ORAL1_1CPT_TLAGKAVCL.VK.MD  
11_ORAL1_1CPT_TLAGKAVCL.VK.SD  
11 ORAL1 1CPT TLAGKAVCL VK SS

10_ORAL0_2CPT_TLAGTIVVMKM.TLAGTIV1QV2VMKM.SD  
11_ORAL1_2CPT_TLAGKAVCL.TLAGKACLV1QV2.All  
11 ORAL1 2CPT TLAGKAVCL TLAGKACLV1QV2 MDcode (-1).  Messages of success or probable success from FOCE-ELS correspond, we think,  

FOCE LB d f (1 2) d (3) i l Th FOCE LB d 1 2 d 3
11_ORAL1_1CPT_TLAGKAVCL.VK.SS  
12_ORAL1_1CPT_TLAGKAVVMKM.All  
12 ORAL1 1CPT TLAGKAVVMKM MD

11_ORAL1_2CPT_TLAGKAVCL.TLAGKACLV1QV2.MD  
11_ORAL1_2CPT_TLAGKAVCL.TLAGKACLV1QV2.SD  
11 ORAL1 2CPT TLAGKAVCL TLAGKACLV1QV2 SSto FOCE-LB return codes of (1,2) and (3) respectively.  The FOCE-LB codes 1, 2, and 3 12_ORAL1_1CPT_TLAGKAVVMKM.MD  

12_ORAL1_1CPT_TLAGKAVVMKM.SD  
01 BOLUS 2CPT VCL CLV1QV2 All

11_ORAL1_2CPT_TLAGKAVCL.TLAGKACLV1QV2.SS  
11_ORAL1_2CPT_TLAGKAVCL.TLAGKAVKK12K21.All  
11 ORAL1 2CPT TLAGKAVCL TLAGKAVKK12K21 MD

correspond to convergence by tolerance on gradient, parameter values, and objective 
01_BOLUS_2CPT_VCL.CLV1QV2.All  
01_BOLUS_2CPT_VCL.CLV1QV2.MD  
01 BOLUS 2CPT VCL CLV1QV2 SD

11_ORAL1_2CPT_TLAGKAVCL.TLAGKAVKK12K21.MD  
11_ORAL1_2CPT_TLAGKAVCL.TLAGKAVKK12K21.SD  
11 ORAL1 2CPT TLAGKAVCL TLAGKAVKK12K21 SSp g y g , p , j

function value respectively
01_BOLUS_2CPT_VCL.CLV1QV2.SD  
01_BOLUS_2CPT_VCL.CLV1QV2.SS  

01 BOLUS 2CPT VCL VKK12K21 All

11_ORAL1_2CPT_TLAGKAVCL.TLAGKAVKK12K21.SS  
12_ORAL1_2CPT_TLAGKAVVMKM.TLAGKAK12K21VMKM.All  
12 ORAL1 2CPT TLAGKAVVMKM TLAGKAK12K21VMKM MDfunction value, respectively. 01_BOLUS_2CPT_VCL.VKK12K21.All  

01_BOLUS_2CPT_VCL.VKK12K21.MD  
12_ORAL1_2CPT_TLAGKAVVMKM.TLAGKAK12K21VMKM.MD  
12_ORAL1_2CPT_TLAGKAVVMKM.TLAGKAK12K21VMKM.SD  
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_ _ _
01_BOLUS_2CPT_VCL.VKK12K21.SD  
01 BOLUS 2CPT VCL.VKK12K21.SS

_ _ _
12_ORAL1_2CPT_TLAGKAVVMKM.TLAGKAV1QV2VMKM.All  
12 ORAL1 2CPT TLAGKAVVMKM.TLAGKAV1QV2VMKM.MD5. We found that convergence and runtimes are sensitive to initial estimates of residual error, 01_BOLUS_2CPT_VCL.VKK12K21.SS  

02_BOLUS_2CPT_VVMKM.K12K21VMKM.All  
12_ORAL1_2CPT_TLAGKAVVMKM.TLAGKAV1QV2VMKM.MD  
12_ORAL1_2CPT_TLAGKAVVMKM.TLAGKAV1QV2VMKM.SD  

with FOCE-ELS performing better with a lower initial estimate while FOCE-LB fared better p g
with a larger estimate. -100 -50 0 50 100 -100 -50 0 50 100with a larger estimate. 100 50 0 50 100 100 50 0 50 100

Fi 26 The models were all reformulated to use a log additive error model While this is Figure 26. The models were all reformulated to use a log-additive error model.  While this is 
i l b fi i l f h FOCE LB i ll h l d FOCE ELS i

Figure 2
certainly beneficial for the FOCE-LB case, it actually helped FOCE-ELS to converge in cases 
where the Monolix evaluation [2] used FO.where the Monolix evaluation [2] used FO.

7 Figure 1 depicts the log2 runtime ratios for each of the model runs Red symbols indicate7. Figure 1 depicts the log2 runtime ratios for each of the model runs.  Red symbols indicate  
hil bl k i di t Ci l d f FOCE LB dconvergence, while black indicate non-convergence.  Circles are used for FOCE-LB and 

crosshairs are used for FOCE-ELS.  The black line is the cumulative runtime distribution, FOCE-LB converged FOCE-LB failed,
with values on the left axis The right axis gives the NLME (FOCE-LB) runtime in seconds

FOCE LB converged FOCE LB failed
d

with values on the left axis.  The right axis gives the NLME (FOCE LB) runtime in seconds.  
The bottom axis shows the log2(runtime ratio) Values < 0 indicate FOCE LB was faster FOCE-ELS converged 107 3The bottom axis shows the log2(runtime ratio).  Values < 0 indicate FOCE-LB was faster. FOCE ELS converged 107 3

FOCE ELS f il d 34 6
h h b f l f h d l b l h f

FOCE-ELS failed 34 6
8. Figure 2 shows the objective function value for each model.  Symbols are the same as for 

T bl 1 CFigure 1. Values are truncated at ±100. Table 1 – ConvergenceFigure 1.  Values are truncated at 100. Table 1 Convergence
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