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Perspectives

• Easier to use

– Interoperability
– Shiny apps – ISOP server, running both PFIM 

and POPED?

• In drug development … extrapolation, interim 
analysis, 

• OD – more use of uncertainty in model and 
parameter space, MBAOD.



On	behalf	of	the	DDMoRe	consortium

Introduction	to	Model	Description	Language:
a	new	pharmacometric standard

Material prepared by:
Mike K Smith, Stuart Moodie & Zinnia P Parra-Guillen
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Modularity	– example	workflow

▪ Estimation =	Data	+	Parameters +	MODEL	+	Monolix	Task	
Properties

▪ Bayesian	estimation = Data	+	Priors +	MODEL	+	BUGS	Task

▪ VPC =	Data	+	Final	Parameters	+	MODEL	+	NONMEM	Task	
Properties

▪ Prediction	/	simulation	=	Design +	Final	Parameters	+	MODEL	+	
Simulation	Task	Properties

▪ Optimal	design	/	evaluation =	Design +	Final	Parameters	+	
MODEL	+	PFIM	/	PopED	Task	Properties
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Model	Description	Language	
Structure
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Model	Description	Language
Definition

▪ Human	readable and writable language

▪ Standards to	describe	pharmacometric models	and	tasks
• Consistent	description	of	models	
• Facilitate	communication	and	understanding	across	pharmacometricians
and	disciplines

▪ Target	tool	independent
• Eliminate	(as	much	as	possible)	target	software	specific	“tricks”

▪ Modular structure
• Define	in	a	single	text	file
• Flexibility,	re-usability	and	interchange
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Model	Description	Language	
Structure
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Tumour growth model - Simeoni

§ Efficacy of most of the drugs approved for oncologyhave
been first tested in	xenograf models

§ In	vivo	preclinical experiment
• Drug	+	control arms

• 6-10	mice

• Tumour cells inoculated
at	Day	0

• Drug	administeredwhen certain
tumour size has been reached

• Tumour size measured
at	regular intervals until ~	Day	40
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Simeoni model	- Model	Object

9Simeoni et al. Cancer Res 2004



Simeoni model	- Model	Object

10Simeoni et al. Cancer Res 2004

MODEL_PREDICTION{  
DEQ{     
# PK model
C=Q1/V1
Q1:{deriv=K21*Q2-(K10+K12)*Q1, init=0}
Q2:{deriv=K12*Q1-K21*Q2, init=0}

# TGI model
X1:{deriv=(LAMBDA0*X1/

((1+(WTOT*LAMBDA0/LAMBDA1)^PSI)^(1/PSI)))
- K2*C*X1, init=W0}

X2:{deriv=K2*C*X1-K1*X2, init=0}

X3:{deriv=K1*X2-K1*X3, init=0}

X4:{deriv=K1*X3-K1*X4, init=0}

WTOT=X1+X2+X3+X4

}
}



Simeoni	model	– Design	Object
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simeoni2004_design = designObj{

DECLARED_VARIABLES{ 
Q1::dosingTarget Y::continuousObs}

INTERVENTION{
treated : {type is bolus, input=Q1, amount=120, doseTime=0} 
control : {type is bolus, input=Q1, amount=0, doseTime=0}

}

SAMPLING{
sampleControl : {type is simple, sampleTime=[0,4,36,40], 

outcome = Y}
sampleTreated : {type is simple, sampleTime=[0,20,55,60], 

outcome = Y}
}

Declare variables defined in the 
model object, and ist type

Define dosing schedule 
to evaluate

Define the sampling 
times and variables

STUDY_DESIGN{
treatedArm : {armSize = 1, 

interventionSequence = {admin=treated, start=0},
samplingSequence = {sample=sampleTreated,start=0}}

controlArm : {armSize = 1, 
interventionSequence = {admin=control, start=0}, 
samplingSequence={sample=sampleControl,start=0}}

}}

Define the size of the 
study groups and link 
them to their intervation
and sampling schema



Simeoni model – Task	Properties
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simeoni2004_NONMEM_task = taskObj{ 
ESTIMATE { 
set algo is foce

}
}

simeoni2004_Monolix_task = taskObj{ 
ESTIMATE { 
set algo is saem

}
}

simeoni2004_BUGS_task = taskObj{ 
ESTIMATE { 
set algo is mcmc

}
}

simeoni2004_Evaltask = taskObj{ 
EVALUATE { 

}
}

Specify some properties 
regarding the task to be 
performed



How can I	use my MDL	model?

13



Pharmacometric	Workflow	- HOW?
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“ddmore” R package



ddmore R	package
- R	functions

▪ The	different	set	of	functions	within	the	ddmore package	
allows	the	user	to:
1. Retrieve	and	modify	different	elements	of	a	.mdl	file

2. Apply	“methods”	
3. Define	and	execute	M&S	tasks	using	a	MOG
4. Query	and	extract	information	from	the	Standard	Output	(SO)	object
5. Create	input	for	other	tools

→	All	these	tasks	can	be	integrated	in	a	single	R	script

15
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Design evaluation using MDL and 
PopED
Design evaluation using PopED

PopED function as.poped takes a PharmML file and creates a poped.db database
object ready for use with PopED. We can then use PopED functions directly
(natively) in R.

library(PopED)

mdlfile <- "Simeoni_PAGE_Evaluation_PFIM.mdl"
pharmMLFile <- as.PharmML(mdlfile)
as.poped(pharmMLFile)

create plot of model without variability

plot_model_prediction(poped.db)

get predictions from model

model_prediction(poped.db)

## Time PRED Group Model DOSE_1_AMT DOSE_1_TIME
## 1 0 0.460720 1 1 120 0
## 2 20 1.123719 1 1 120 0
## 3 55 27.509457 1 1 120 0
## 4 60 31.380082 1 1 120 0
## 5 0 0.460720 2 1 0 0
## 6 4 1.521924 2 1 0 0
## 7 36 25.973156 2 1 0 0
## 8 40 29.069656 2 1 0 0

evaluate initial design

FIM <- evaluate.fim(poped.db)
FIM

## [,1] [,2] [,3] [,4] [,5] [,6]
## [1,] 1587.68726 580.8632 93.53241 -33.39350 -292.5066 167.98107
## [2,] 580.86325 43045.4164 612.33743 -2850.02163 -25722.3940 3429.62505
## [3,] 93.53241 612.3374 557.81790 -35.69194 -262.9849 83.28805
## [4,] -33.39350 -2850.0216 -35.69194 196.38685 1771.9310 -174.22121
## [5,] -292.50658 -25722.3940 -262.98486 1771.93101 16000.3056 -1571.27029
## [6,] 167.98107 3429.6250 83.28805 -174.22121 -1571.2703 1593.85658
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det(FIM)

## [1] 1.681317e+15

get_rse(FIM,poped.db)

## bpop[1] bpop[2] bpop[3] bpop[4] bpop[5] bpop[6]
## 25.250685 10.185474 7.905951 453.676408 55.984215 7.045591

#plot_efficiency_of_windows(poped.db,xt_windows=0.5,mean_line = T)

Examining the Model and Parmaeter Object in R

Since the MDL is parsed into R, it is possible to examine and extract information
from it using appropriate methods for accessing S4 objects in R. Use @ to
reference SLOTS in the object and $ to access named items WITHIN that slot.

str(myModelObj)

## Formal class �mdlObj� [package "ddmore"] with 11 slots
## ..@ IDV : chr "T"
## ..@ COVARIATES : list()
## ..@ VARIABILITY_LEVELS :List of 1
## .. ..$ DV:List of 2
## .. .. ..$ level: chr "1"
## .. .. ..$ type : chr "observation"
## ..@ STRUCTURAL_PARAMETERS : chr [1:10] "LAMBDA0_POP" "LAMBDA1_POP" "K1_POP" "K2_POP" ...
## ..@ VARIABILITY_PARAMETERS : chr "CV"
## ..@ RANDOM_VARIABLE_DEFINITION:List of 1
## .. ..$ :List of 4
## .. .. ..$ .subtype: chr "RandVarDefn"
## .. .. ..$ blkAttrs:List of 1
## .. .. .. ..$ level: chr "DV"
## .. .. ..$ name : chr "eps_RES_W"
## .. .. ..$ distn : chr "Normal(mean=0, var=1)"
## ..@ INDIVIDUAL_VARIABLES :List of 10
## .. ..$ :List of 3
## .. .. ..$ .subtype: chr "EquationDef"
## .. .. ..$ name : chr "LAMBDA0"
## .. .. ..$ expr : chr "LAMBDA0_POP"
## .. ..$ :List of 3
## .. .. ..$ .subtype: chr "EquationDef"
## .. .. ..$ name : chr "LAMBDA1"

32
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Design evaluation using MDL and 
PopED

myParObjUpdated <- updateParObj(myParameterObj,block="STRUCTURAL",
item=names(structuralPar),
with=list(value=structuralPar))

myParObjUpdated <- updateParObj(myParObjUpdated,block="VARIABILITY",
item=names(variabilityPar),
with=list(value=variabilityPar))

Update W0 in the parameter object with simulated W0 at day 8 based on the
simulx simulations above.

simdata <- res$WTOT
W0_8d <- simdata[simdata$time>7.9 & simdata$time<8.02 & simdata$id==2,"WTOT"]

myParObjUpdated_Design <- myParObjUpdated
myParObjUpdated_Design <- updateParObj(myParObjUpdated_Design,block="STRUCTURAL",

item="W0_POP",
with=list(value=W0_8d))

Assembling the new MOG.

PFIM.MOG <- createMogObj(designObj = myDesignObj,
parObj = myParObjUpdated_Design,
mdlObj = myModelObj,
taskObj = myTaskPropertiesObj_PFIM)

We can then write the MOG back out to an .mdl file.

mdlfile.PFIM <- "Simeoni_PAGE_Evaluation_PFIM.mdl"
writeMogObj(PFIM.MOG,mdlfile.PFIM)

Again, as for BUGS, the PFIM converter and connector have not yet fully been
integrated into the SEE environment. Here we call a small script which calls the
converter which creates the required PFIM input R scripts.

The Design Object settings and Task Properties settings dictate whether evalua-
tion or optimisation of the trial design is performed.

source("../scripts/callPFIMconverter_MKS_v2.R")

The runPFIM function takes an MDL file, converts to PharmML, runs the
converter and then runs a created batch script to run PFIM.

pharmmlfile.PFIM <- as.PharmML(mdlfile.PFIM)
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runPFIM(pharmmlfile=pharmmlfile.PFIM, jarLocation=file.path(ddmore:::DDMORE.checkConfiguration(),"distrib-20160604a"))

## [1] "java -jar C:/SEE/distrib-20160604a/pfim.jar -p C:/SEE/PFIM4.0/program -i C:\\SEE\\MDL_IDE\\workspace\\PAGEdemo\\models\\Simeoni_PAGE_Evaluation_PFIM.xml -o C:/SEE/MDL_IDE/workspace/PAGEdemo/models/PFIM"

readLines(file.path(getwd(),"PFIM","stdout.out"))

## [1] "PFIM 4.0 "
## [2] " "
## [3] "Project: Generated from MDL. MOG ID: outputMog"
## [4] " "
## [5] "Date: Mon Jun 06 17:16:48 2016"
## [6] " "
## [7] ""
## [8] " "
## [9] "**************************** INPUT SUMMARY ********************************"
## [10] " "
## [11] "Differential Equations form of the model: "
## [12] " "
## [13] "function (t, y, p) "
## [14] "{"
## [15] " LAMBDA0 <- p[1]"
## [16] " LAMBDA1 <- p[2]"
## [17] " K1 <- p[3]"
## [18] " K2 <- p[4]"
## [19] " W0 <- p[5]"
## [20] " K10 <- p[6]"
## [21] " K12 <- p[7]"
## [22] " K21 <- p[8]"
## [23] " V1 <- p[9]"
## [24] " PSI <- p[10]"
## [25] " C <- ((y[1])/(V1))"
## [26] " WTOT <- y[3] + y[4] + y[5] + y[6]"
## [27] " yd1 <- ((K21) * (y[2])) - ((K10 + K12) * (y[1]))"
## [28] " yd2 <- ((K12) * (y[1])) - ((K21) * (y[2]))"
## [29] " yd3 <- ((((LAMBDA0) * (y[3])))/(((1 + ((((((WTOT) * (LAMBDA0)))/(LAMBDA1)))^(PSI)))^(((1)/(PSI)))))) - "
## [30] " ((((K2) * (C))) * (y[3]))"
## [31] " yd4 <- ((((K2) * (C))) * (y[3])) - ((K1) * (y[4]))"
## [32] " yd5 <- ((K1) * (y[4])) - ((K1) * (y[5]))"
## [33] " yd6 <- ((K1) * (y[5])) - ((K1) * (y[6]))"
## [34] " return(list(c(yd1, yd2, yd3, yd4, yd5, yd6), c(WTOT)))"
## [35] "}"
## [36] ""
## [37] " "
## [38] "Design: "
## [39] "Sample times for response: A "
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Pharmacometric	Workflow

▪ Exploratory	data	analysis
▪ Estimation:
▪ NONMEM

▪ Monolix

▪ WinBUGS

▪ Comparison	of	estimates

▪ Diagnostics	in	Xpose
▪ VPC	
▪Prediction	/	Simulation	using	simulx

▪ Evaluate	design	using	PFIM
▪Evaluate design	using PopED
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Design	of	 future	
studies	1

Design	(Q1)

Model	guesses	MG0
Param. guesses P0

Param.	uncertanty Pse,0
Prior0=FIM0

Optimal	
Design

Cohort	1

Possible	models	(M1)
Estimates	(P1,	Pse,1)
Obs.	FIM	(FIMobs,1)

STUDY

Estimation

Data	(Y1)
Prior0

Stop	criterion
achieved?

Design	of	 future	
studies	2

Design	(Q2)

M1,	P1,	Pse,1
FIMobs,1,	Prior1

New	model	guesses	MG,2

Optimal
Design

Cohort	2

Possible	models	(M2)
Estimates	(P2,	Pse,2)
Obs.	FIM	(FIMobs,2)

STUDY

Estimation

Data	(Y2	±Y1)
Prior1

Stop	criterion
achieved?

Design	of	 future	
studies	Nc

Design	(QNc)

MNc-1,	PNc-1,	Pse,Nc-1
FIMobs,Nc-1,	PriorNc-1

MG,Nc-1

Optimal
Design

Cohort	Nc

Possible	models	(MNc)
Estimates	(PNc,	Pse,Nc)
Obs.	FIM	(FIMobs,Nc)

STUDY

Estimation

Data	(Y1±Y1…YNc-1)
PriorNc-1

Stop	criterion
achieved?

…

…

…



Resources

▪ YouTube	clips	for	installation	and	testing	of	demonstrator:
• https://www.youtube.com/playlist?list=PL_GGUkhbiP3t0Q7wTqkQdMA
w7yuC8xWa-

▪ MDL	User	Guide	documentation:
• http://ddmore.eu/instructions/user-guides
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Inter-operability in R

• Model description of NLMEs
– PopED
– PFIM
– The deSolve package, with the possibility to 

compile models in c++ with great speed 
improvements.

– The PKPDsim package [1]
– The mrgsolve package [2]

• Optimization methods
• Parallelization methods

1. https://github.com/ronkeizer/PKPDsim
2. https://github.com/metrumresearchgroup/mrgsolve
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Comparing the speed of model 
implementations (FIM evaluation)

evaluate.fim(poped.db)

evaluate.fim(poped.db_ode)

evaluate.fim(poped.db_ode_2)

evaluate.fim(poped.db_ode_3)

100 1000 10000
Time [milliseconds]

Optimzing sampling times

ANDY: Here I have changed the optimization function to the latest (and greatest). I would
rather not focus on old outdated code and will probably just remove the functions from future
releases.

Optimization for sample times, but just a few iterations to make sure things are working. Because the
some of the optimization algorithms are stochastic we cannot expect the same result (when we don’t reach
convergencee) when we have “di�erent” models.

For analytic model:

set.seed(1234)
# RS+BFGS+LS optimization of sample times

output <- poped_optim(poped.db,opt_xt=T,control = list(ARS=list(iter=rsit),
BFGS=list(maxit=sgit),
LS=list(line_length=ls_step_size)),

iter_max = iter_max)

## ===============================================================================
## Initial design evaluation
##
## Initial OFV = 28.9197
##
## Initial design expected parameter
## relative standard error (%RSE)

16

Compiled deSolve ODE model

deSolve ODE model

PKPDsim model

Analytic solution
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Software
PopED poped.sf.net

https://github.com/andrewhooker/PopED
• Optimal experimental design software
• Flexible description of models
• Flexible description of design space 
• Flexible design optimization
• Robust design critera
• Written in R (Package available via CRAN) 

MBAOD – R package to perform MBAOD

https://github.com/andrewhooker/MBAOD

PopED lite - OD software for preclinical animal studies

http://www.bluetree.me/PopED_lite.html
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Shiny apps in R



25

Model based drug development

Trial 
Simulation

Experiment 
DesignModel

&
Priors

Trial
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Advantages of pharmacometric 
approaches
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Advantages of optimal design of experiments

Model-Based Analysis
(Default Design)

Traditional Analysis
(Unstructured MMRM model,
LSMeans)

1892 (3.6 X)

1443 (2.2 X)

Model-Based Analysis
(Optimized for power)

(Optimized) Model Based vs. 
Traditional Data Analysis in Alzheimer's

Hooker et al., Model-based Trial Optimization for Phase II and III designs 
in Alzheimer's Disease, ACOP, 2011
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Potential problems with a model 
based approach

• Estimation – Building models on measured data 
can lead to bias.
– One solution: model averaging

• Simulation / optimization – Using a misspecified
model may give poor information and poor designs
– One solution: model based adaptive optimal 

design

• Putting the two together:  model averaged 
adaptive optimal design



Department of Pharmaceutical Biosciences

Uppsala University

Sweden

Averaged model based decision 
making for dose selection studies

Yasunori Aoki*, Bengt Hamrén+, Daniel 
Röshammar+, and Andrew C. Hooker*

*Pharmacometrics Research Group, Uppsala University, Sweden
+Quantitative Clinical Pharmacology, AstraZeneca R&D Mölndal, Sweden

Aoki, et al., PAGE, 2014. 

Hooker et al.  EMA workshop on the importance of dose finding 
and dose selection.  2014. 
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Model Averaging: General principle

•We would like to: 

– Use population pharmacometric models for longitudinal 
data (nonlinear mixed effects models)

– Avoid model building to avoid problems of potential 
model bias 
(pre-specified models, model averaging)

– Test for a drug effect using population model based 
approaches

– Incorporate uncertainty in both model structure and 
estimated model parameters in dose selection.
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Analysis Result

Analysis of PhIIb study data recommends ____mg in the upcoming PhIII study 

with ____% probability of achieving an effect higher than the target effect.

Comparison of model averaging to Traditional Model 
Based Approach (single model approach) and a 
traditional statistical analysis
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Placebo Model

+
PhIIb clinical trial data

Placebo Model + Linear

Placebo Model + Log-linear

Placebo Model + Emax

Placebo Model + Sigmoidal

Bootstrap 
or COV 
matrix
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• Any information 
criteria can be used. 

• In this example we 
use -2*log(likelihood)

• Weighting scheme 
proposed by 
Buckland et.al. 1997

Weighting scheme
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Model 1: Linear
Model 2: Log-linear

Model 3: Emax
Model 4: Sigmoidal

Target Effect

Our model averaging methodology combines both the parameter 
estimation uncertainty and model structure uncertainty to quantify 
overall uncertainty
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Frequencies of making the correct dose selection

Study Protocol
(ANOVA + Averaged Effect) Averaged Model Based

Case 1
correct dose = 10mg 582 788 35%

improvement

Case 2
correct dose = 40mg 361 592 64%

improvement

Case 3
correct dose = 100mg 312 432 38%

improvement

Case 4
correct dose = 400mg 402 519 29%

improvement

Simulation Studies based on AZD 1981
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Type – I error rates

Frequencies of making the correct dose selection

Study Protocol
(ANOVA + Averaged Effect)

Averaged Model 
Based

Simulation Study 6
correct decision = 

“stop”
98 % 95 %
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Software modelAVERAGE available 
on www.bluetree.me

1: import bootstrap results from candidate models 
(will be automated in the future version of PsN) 2: define endpoint

3: define weighting scheme 4: obtain the probability of success v.s. dose plot
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ADAPTIVE OPTIMAL 
DESIGN
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Robust optimal design

• Standard optimal design requires knowledge about 
the underlying model and parameter values for that 
model

• What if we don’t know the model or we 
don’t have a good guess for the 
parameters of a model?

FIM (models fixed , parameters fixed , design)
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Model based adaptive optimal 
designs (MBAOD)

• A type of robust design

• Adapt and update your understanding of the 
system (the model) at intermediate steps within a 
trial, then re-optimize
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With initial misspecification in your 
model MBAOD can adapt

Fixed Effects Random Effects
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Figure 12: Parameter estimates for all 100 iterations. Zooming in on the y-axis
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Figure 10: Parameter estimates for all 100 iterations.

expression(IPRED <- NULL),
expression(PRED <- NULL),
expression(Group <- NULL),
expression(Model <- NULL))

)
),

estimate=list(target="NONMEM",
model="./NONMEM_files/est_red.mod"
)

)

cohort_2 = list(
design = list(

groupsize = 20,
m=3,
a = t(rbind(WT=c(5,20,40))),
xt = c(0.5,1,2,3,6,12,24)

),
optimize=list(target="poped_R",

model = list(
ff_file="PK.1.comp.maturation.ff",
fError_file="feps.add.prop",
fg_file="PK.1.comp.maturation.fg"

),
design_space=list(maxa=70,

19

MBAOD

Fixed-OD with model 
misspecification

Hooker et al.  ACOP 2013
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MBAOD using FDA stopping 
criteria in children bridging studies

22 

Results 
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Robust adaptive optimal design

• Incorporate multiple models into your 
optimization 

m=model #, ai = weighting and pi = # of parameters 

• Weight the models using results from model averaging

Waterhouse and Duffull, JPKPD, 2005

ΨP−D = argmax
ξ

log | FIM (ξ,Φ{i} ) |
αi
pi
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Robust adaptive optimal designs

• Assume your 
parameters have 
distributions
- (“E-family”, e.g. 

ElnD)

Parameter (a)

Pr
ob

ab
ili

ty
 p

(a
)

*True Value

Misspecified Point 
estimate

Misspecified parameter 
with uncertainty

M.G. Dodds, A. Hooker and P. Vicini.  J Pharmacokinet Pharmacodyn, 32(1):33-64, 2005.
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Comparison of model averaging 
to MCP-MOD
• Testing for drug effect

– Using the likelihood ratio test for each model, 
instead of contrast tests

– Allows for incorporation of covariate adjusted 
dosing and dose-concentration-effect modelling.

• Our model averaging takes into account uncertainty 
in models and parameter estimates and uses 
predicted drug effect as the parameter of interest

• MCP-MOD does not specify the “MOD” method 
following the selection of the candidate models using 
contrast testing, hence our methodology can be used 
together with MCP-MOD.


