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                                                                        Twenty-two methods for popPK covariate modeling have recently been referenced, however their relative
performances remain uncertain due to a lack of consensus on how to evaluate these techniques [1]. The aim is to propose PMX-CovEval, a
framework enabling straightforward covariate model selection techniques evaluation and comparison. The proposed framework consists of:
(1) datasets simulated under different scenarios, (2) PSM files for all scenarios for both NONMEM and Monolix, (3) EBEs estimated under the PSMs of all
scenarios, (4) a table detailing all scenarios

            

                          By incorporating scenarios with variability across multiple model elements, PMX-CovEval enables rigorous evaluation and consistent
comparison of existing and future covariate modeling methods. It is available at https://github.com/Sanofi-Public/PMX-CovEval

*PMX-CovEval quality check
   SSEs of the a priori least identifiable scenarios

Full PK profiles of fictive patients**

                                      (1) Keep adding other relevant scenarios in the framework. 
(2) Run covariate modeling methods on PMX-CovEVAL, then analyse the results:

(3) Write Pumas PSM files for all scenarios

scenario ID # comp Abs model Elim model Abs IIV Elim IIV Covariates on Elim. ... SAMBA TPR SAMBA TNR ... SCM TPR

strm_1_psm_5_covm_3 1 fo fo low low CLCR, Bilirubin ... 100% 100% ... 80%

strm_2_psm_5_covm_3 1 fo mm low low CLCR, Bilirubin ... 100% 100% ... 80%
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STRUCTURAL MODELS STATISTICAL MODELS

Residual error (CV %)

Low (5%)

Medium (10%)

21

scenario ID strm ID sm ID covm ID

strm_x _sm_1_covm_31 1 ≤ x  ≤ 181 1 3

strm_7_sm_x _covm_32 7 1 ≤ x  ≤ 102 3

strm_7_sm_1_covm_x3 7 1 1 ≤ x  ≤ 253

strm_7_sm_2_covm_x3 7 2 1 ≤ x  ≤ 253

strm_7_sm_3_covm_x3 7 3 1 ≤ x  ≤ 253

SCENARIO TABLE

99
scenarios

Nb. of comp.

1

2

3

Elimination

first order

Michaelis-Menten

mixed

Absorption

first order

zero order

--> 18 possible structural models (“strm”)

Elim. IIV (CV %)

Low (20%)

Medium (40%)

High (60%)

--> 10 possible statistical models (“sm”)

1 2 3

Vd IIV (CV %)

Low (20%)

Medium (40%)

High (60%)

PMX-CovEval component PMX-CovEval quality checkLegend:

successful minimization under
FOCEI was achieved for 92% of the
PSMs and 82% of the true models.

COVARIATE MODELS

Null scenario 

(no covariate)

Reference scenarios

covm ID

1

Δ Functional relationship (on CL)

covm ID
Δref

New Ref

11 2 linear → power

12 3 linear → power

13 4 linear → power

Δ Covariate type (on CL)

covm ID
Δref

New Ref

5 2 CLCR → Race

6 3 Bilirubin → Race

7 3 CLCR, Bilirubin → Race, Obese

8 4 Age → Race

9 4 Age, Bilirubin → Race, Obese

10 4 CLCR, Age, Bilirubin → Race, Obese, Sex

Δ Effect size (on CL)

covm ID
Δref

New Ref

17 2 50% → 75%

18 3 18% → 50%

19 4 5% → 25%

20 2 50 → 10%

21 3 18% → 5%

Δ PK parameters with effect

covm ID
Δref

New Ref

22 2 + Weight on Vd

23 3 + Weight on Vd

24 4 + Weight on Vd

25 3 + Weight, Albumin on Vd

26 4 + Weight, Albumin, Age on Vd

27 2 + Weight on Vd, + Age on KA

28 3 + Weight, Albumin on Vd, + Age, BMI on KA

CL Vd or KA

covm ID Covariates
Effect

size

Functional

relationship
Covariates

2 CLCR 50% Linear None

3 CLCR, Bilirubin 18% Linear None

4 CLCR, Bilirubin, Age 5% Linear None

3

==> 28 possible covariate models (“covm”)

PK dataset of pooled
Sanofi studies

VIRTUAL CLINICAL TRIAL
(dataset for simulations) with 639 patients

Clinical trial design
3131 samples across 639 patients

Virtual population

13 covariates (baseline age, weight, height, fat, SCR, ALT,
AST, ALP, ALB, Bili, Race, Sex, Obese) for 639 patients

Covariates
correlation plot

   EBEs correlation tests with covariates**

campsis  (R)2

campsismod (R) + mrgsolve  (R)3

enable direct execution of EBEs-based regression methods
(e.g. machine and deep learning)
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allows to identify scenarios and thus to evaluate methods performances across varying
model components

enable direct execution of Perl speaks NONMEM (PsN) or
Monolix internal covariate model selection techniques

Each scenario is a combination of structural
model, statistical model  and covariate model
and has a unique identifier:
 “strm_x _sm_x _covm_x ” ,1 2 3

 where:  
x  = strm ID, 1

x  = sm ID,  2

x  = covm ID3

Three steps to build the four-component framework.

Thank you to Vincent Raveneau, Sébastien Benzekry and Linh Nguyen Phuong
for their feedback and suggestions.

[2] https://calvagone.github.io/ or www.campsis.org 
[3] https://github.com/metrumresearchgroup/mrgsolve
[4] https://pharmpy.github.io/
[5] https://monolixsuite.slp-software.com/r-functions/2024R1/reference

Covariates analysis on methods performance metrics 
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(Soon available) covariates correlation plot + framework quality check* for all scenarios.

STEP 1: SCENARIO TABLE GENERATION

: analyses soon available for all scenarios in the GitHub repository appendix**

STEP 2: VIRTUAL CLINICAL TRIAL GENERATION
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https://github.com/Sanofi-Public/PMX-CovEval
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