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Introduction: Build a Non-Linear

Linear
bioavailability

Self-induction

Self-inhibition
Nonlinear Lag time
bioavailability
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First-order absorption Four-Cmpt
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Knowledge base/search space for a PopPK analysis
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Pharmacokinetics

Mixed Effect Model

Questions when build a model:

First-order absorption?

Any absorption delay?

Fixed or linear bioavailablity?
1,2,3,4 compartment model?
Saturable metabolism?
Random effects on parameters?
Residual error model?

Covariate impact? Linear? Power?
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Introduction Current Human Modelling Strategy

Introduction: Human Modelling Strategy

Workflow
Structural Correlation Covariate
Model RV Model 1IV Model 10V Model Ve Model
Features: PHARMACOMETRICS

O Decisions made in a sequential manner.

O A locally optimal solution made at each stage.

O Usually no backtracking.
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A Genetic Algorithm-Based, Hybrid Machine Learning
Approach to Model Selection

Robert R. Bies,!'* Matthew F. Muldoon,? Bruce G. Pollock,?
Steven Manuck,* Gwenn Smith,’ and Mark E. Sale®

Received August 4. 2005—Final January 10. 2006—Published Online March 28. 2006

Correspondence
Or Mark Sole MD, Department of

Medicine Inclana Universiy, 1001 West
10657138 nonapls N 46202

A genetic algorithm based
global search strategy for
population pharmacokinetic/
pharmacodynamic model

T 3176307868
Fax 4131 76308185
€ mall: markenextievelsoinscom

Keywords
genetic algorithm nowe,
pharmacokinetics

selection i

Mark Sale'? & Eric A. Sherer®

Population pharmacokinetic model selection assisted by machine
learning

Emeric Sibieude™ - Akash Khandelwal® - Pascal Girard® - Jan S. Hesthaven® - Nadia Terranova®

Received: 1 February 2021 /Accepted: 17 October 2021/ Published online: 27 October 2021
© The Author(s) 2021

Zhonghui Huang zhonghui.huan

tion Automated Modelling: Inspired from Nature

Genetic Algroithms

Application of a single-objective, hybrid genetic algorithm
approach to pharmacokinetic model building

Eric A. Sherer - Mark E. Sale - Bruce G. Pollock - Chandra P. Belani -
Merrill J. Egorin - Percy S. Ivy - Jeffrey A. Lieberman - Stephen B. Manuck -
Stephen R. Marder - Matthew F. Muldoon - Howard L Scher - David B. Solit -
Robert R. Bies

Pharmacometrics

Genetic Algorithm Guided Population
Phari kinetic Model Develop for

Simvastatin, Concurrently or Non-Concurrently -
inistered With Amlodipi

Ayyappa Chaturvedula, PhD'®, Mark E. Sale, MD?, and Howard Lee, MD, PhD**

Development of a genetic algomhm and NONMEM workbench
for ing and imp g population pharmacokinetic/
pharma(odynamlc model selection

Mohamed Ismail’ - Mark Sale? - Yifan Yu' - Nikhil Pillai' - Sihang Liu’ - Beth Pflug® - Robert Bies'*

Received: 18 September 2020/ Accepted: 7 September 2021/ Published online: 3 October 2021
© The Author(s), under exclusive licence to Springer Science Business Media, LLC, part of Springer Nature 2021

PAGE 31 2023

3/19



Introduction

Automated Modelling: Inspired from Nature

Introduction: Inspired from Nature - Ant Colony Optimisation

Food

Nest

At the beginning

Food

Nest

After a few minutes

Food

jR e

Nest

At the end

Ant foraging behaviours

Positive Feedback
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Ant Colony Optimization

Artificial Ants as a Computational Intelligence Technique
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Introduction Automated Modelling: Inspired from Nature

Introduction: Inspired from Nature - Ant Colony Optimisation

Diagram of ACO path for PopPK analysis

1CMPT

No llV No lIlV No v

on Vp :I onQ Y | on VC
1IV on [\ IIV on

Vp onQ

START B)——————————— >CMPT

No IV No IV

on Q2 on Vp2
3CMPT
IIV on IV on

Vp2
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Introduction Automated Modelling: Inspired from Nature

Current evaluation methods for automated modelling

o Limited range of models tested

o Success judged by “better fit” than human model
o “Better fit" definitions: Lower fitness values

o Lower AIC, BIC or OFV
o Lower AIC, BIC or OFV + penalty (convergence, covariance step, shrinkage...)

o Fitting all possible models (“exhaustive approach”) allows finding the true best model
given the data (not usually done)

Zhonghui Huang zhonghui.huang.20@ucl.ac.uk PAGE 31 2023
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Aim and Objectives

How do automated modelling algorithms perform for selecting a

“true best model”?

Objectives

Generate 1,2 3 compartment with different random and residual models (72 cases)

Fit All possible models (exhaustive algorithm = ground truth)

Evaluate different fitness functions

Compare: Stepwise, GA and ACO algorithms against ground truth using identified fitness
function

Model fitting done in nlmixr2

(*)

© O ©

GA, Genetic Algorithm
ACO, Ant Colony Optimistion
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S
Methods: Search Space

Model Components in the Search Space

Component No. Description Options
1 No. of compartments 1,2, 3
2 Presence or not presence of 11V on Vc 0 (no), 1 (yes)
3 Presence or not presence of 11V on Vp 0 (no), 1 (yes)
4 Presence or not presence of IV on Q 0 (no), 1 (yes)
5 Presence or not presence of 11V on Vp2 0 (no), 1 (yes)
6 Presence or not presence of 11V on Q2 0 (no), 1 (yes)
7 Presence or not presence of correlation 0 (no), 1 (yes)
8 Residual unexplained Model (RUV) additive, proportional, combined

V¢, central volume of distribution

Vp, first peripheral volume of distribution
Q, inter-compartmental clearance for the first peripheral compartment
Vp2, second peripheral volume of distribution
Q2, inter-compartmental clearance for the second peripheral compartment

Zhonghui Huang zhonghui.huang.20@ucl.ac.uk
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Methods

Methods:

ETAVG—

ALV

One compartment

ETA[CLVC]

Vep——
Two compartment ETALC.Ve VP

ETA[CL,Ve,Vp.Q]

Rich [100 Subjects]

Three-compartment

Dataset

Pool parse [100 Suh]ecls]_.

Optimal [10-150 Subjects]

ETA[CL,V( ]/

ETACVeVp2l— |

ETA[CLVc, vp‘va Q.Q2]
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Simulated datasets

Additive

—
éonpomona\/
ombined——
dditive—""_
Proportional———
ombined_______

adive—_
Proportional——
ombined—
dditive——""_
Proportional—
ombined________
dditive——""
Proportionabe—

"Combined,

Addiive—"_
épmpomunar’—’
ombined———

dditive—""_
roportional———
—

-Combined,

dditive—

Pmpurllunal\

‘Combined,

Characteristics of 72 Simulated Cases

1Cmpt ETA[CL] nocorr.add
1Cmpt.ETA[CL].nocorr.prop
1Cmpt ETA[CL] nocorr,comb
1Cmpt,ETA[CL,Vc],nocorr,add
1Cmpt,ETA[CL,Ve],nocorr.prop

1Cmpt,ETA[CL,Vc],nocorr,comb

2Cmpt ETA[CL. V] nocorr.add
2Cmpt ETA[CL V] nocorr,prop
2CmptETACL Vel nocorr,comb
2Cmpt ETA[CL Vp],nocorr,add
2Cmpt,ETA[CL.Vp]nocorr,prop
2Cmpt ETAICL,Vp],nocorr.comb
2CmptETA[CL,Vc, Vp, Q] nocorr,add
2CmptETA[CL,Ve, Vp, Qlnocorr,prop

2Cmpt ETA[CL,Vc, Vp, Q]nocorr,comb

3Cmpt ETA[CL, V] nocorr.add
3Cmpt,ETA[CL,Ve] nocorr,prop
3CmptLETA[CL,Vc],nocorr.comb

3Cmpt ETA[CL,Vp] nocorr,add
3CmpLETA[CL Vp],nocorr,prop
3Cmpt,ETA[CL.Vp].nocorr,comb.

3Cmpt ETA[CL,Ve, Vp,Vp2 Q.Q2] nocorr,add
3CmpLETA[CL.Ve, Vp, Vp2,Q.Q2),nocorrprop

3Cmpt,ETA[CL, Ve, Vp, Vp2,Q.Q2]nocorr,comb
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Methods Fitness Function

Methods: Fitness Function Exploration

Step 3: Criteria evaluation

Step 1: Generation of simulated datasets

F,

- optimal .
Design
A set of dataset that can

‘mimic the original model.

Penalty Rule: RSE (>20%),
high shrinkage (>30%), and lower
standard deviation values (value of
additive RV model < 1/1000 of estimated
Cmax, value of proportional RV model <
5%) in the RV models.

hui Huang zhonghui.huan

Step 2: Parameter Estimation

Model library
Model 1: 1Cmpt, ETA[CL], ADD
Model 2: 1Cmpt, ETA[CL], PROP.
Model 3: 1Cmpt, ETA[CL], COMB

Model 242: 3Cmpt, ETA[CL, Ve, Vp, Q,

Vp2, Q2], PROP

Model 243: 3Cmpt, ETA[CL, Ve, Vp, Q,

Vp2,Q2], COMB

Model results
AlIC, BIC, OFV
TCLIRSE%], TV[RSE%]
sd_etaCL [BSV%, SHRINK%]
sd_etaV [BSV9%,SHRINK9%]

l

l

|

l

Selected best models

Selected best models
defined by AIC/BIC/OFV

Selected best models
defined by AIC/BIC/OFV
+penalty on # RV

Selected best models
defined by AIC/BIC/OFV
+ penalty on # RV and #

RSE

defined by AIC/BIC/OFV
+ penalty on # RV, # RSE
and # shrinkage

l

l

]

J

!

Retrieval rate of exhaustive

algorithm
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alezOplEs )
Methods: General Workflow of Designed Algorithms

EXHAUSTIVE MODULE STEPWISE MODULE
Candidate Model 2 “
HYBRID GENETIC ALGORITHM

WPUTDATA | ——

Crossove/
H Vo
local Search

\anon

Zhonghui Huang zhonghui.huang.20@ucl.ac.uk

PAGE 31 2023

10 / 19



ALGORITHM DESIGN:
ACO in PopPK modelling




Methods: ACO design in PopPK modelling

Step 1. Solution Construction

1CMPT

No llV No lIlV No v

on Vp :I onQ Y | on VC
1IV on [\ IIV on

Vp onQ

START B)——————————— >CMPT

No IV No IV

on Q2 on Vp2
3CMPT
IIV on IV on

Vp2
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Methods: ACO design in PopPK modelling

Step 2. Pheromone initialisation

ETA[VP2]
ETAIQ2]
ETA[VP]
ETAIQ] local 3
local 2

RV local 1
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Methods: ACO design in PopPK modelling

Step 3. Ant Practice

TCMPT

No IV No v
onVp onQ 1\

START 2CMPT on END
1IVon 1\ c

% No IV No v Vp onQ %

on Q2 on Vp2
3CMPT
1IV on 1IVon

1CMPT, IIV on CL, combined residual error model

Q2 Vp2
1CMPT
No IIV No IV
on Vp onQ v
START ZCVIPT I on =)-END
nw _l a
93«: No IV No IV Ve onQ EE >
on Q2 on Vp2
3CMPT -’I: H P
IIV on "V on 2CMPT, IV on CL, Vc,Vp, combined residual error model
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Methods: ACO design in PopPK modelling

Step 4. Pheromone generation and evaporation

Q2]
ETA[VI ocal 3
Q cal ¢

: R
Pheromone generation A1 = Rank(fitness)

After pheromone evaporation 7 = (1 — p)19 + AT
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Methods: ACO design in PopPK modelling

Step 5. Start new travel and repeat the process

/\

\ \e
l ll:ﬁy
Travel 1 Travel 2 Travel 15

The probability of each node/local path was calculated based on the ratio of the pheromone deposited on that
each node/local path to the total pheromone present in all nodes for the corresponding group.
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Methods: ACO design in PopPK modelling

SIMPLE ANT COLONY OPTIMISATION MODULE

—_— Best

Initialise ants and
Evaluale ant 2 Ant 2 (New Travel)
NPT DATA ot (Now Travel
\ / Transition Rule

Pheromone
Update

o Initialisation
o Parameter estimation and model evaluation

o Pheromone update for the next travel
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Methods: General Workflow of Designed Algorithms

Performance evaluation

EXHAUSTIVE MODULE

Candidate Model 4
Candidate Model 3
‘Candidate Model 2
Candidate Model 1

Evaluate

INPUT DATA

Selection

4’

STEPWISE MODULE

WPUTDATA | ——

Structure

v Mode! RV Model

HYBRID GENETIC ALGORITHM

First Generation

SIMPLE ANT COLONY OPTIMISATION MODULE

selection

Cmssovt:/

weuToATA | ———

==

e
INPUT DATA

mnsman Rule
Pheromone.
Update

Accuracy rate, percentage of models selected by the test algorithms that matched the “true best models”

identified by exhaustive algorithm for 72 cases.
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Results: Fitness Function

Retrieval rate of simulated models by exhaustive algorithm using only AIC, BIC and OFV

60

Model components

[ svocuwe

Retrieval Rate (%)
IS
8

1%
RV
Overall

20

0 -

Structure overall structure [i% Overall Structure % RV overall
Model componems
=] F = = £ Haw
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Results: Fitness Function

Percentages of high quality models selected by Retrieval rate of simulated models by exhaustive
exhaustive algorithm algorithm using the fitness function
100 AIC with penalty on RV, RSE and shrinkage:
100

o0
8
g s
2 Evaluation method 75
% —— %ﬁa‘shapfs?‘arm:;e g Model components
=3 BIC with penalty on g l Structure
b —A— RV-RSE-shrinkage 5 w
s K O~
4 — G Minpenatyon 8 o -
g ® 25
&

0 o

o 1 10 100 1000 10000 le+05 Structure. Overall Three
Penalty constant K Model compcnenﬁ
fitness = AIC + E 10000¥ rsE~20% + 10000 sprinkage>30% + 100008 51 <1 52<0.05
i=1
o = = E =
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ALGORITHMS: APP DEMO



T RET AT
Results: R Shiny App Interface

AUTOPPK =

AUTOMATIC POPULATION PHARMACOKINETIC MODELLING PLATFORM

s 88 o

Initial estimate

GAset
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Results: R Shiny App Interface

Case 1. 1Cmpt, IV on CL, additive residual error model (Sparse data)

GA set
Populaion size Maimum o erat Mutaton rat
f 0
cross No. of generations forlocalsearch signficant diference
1 1
ACO set
Numberofants Maximum of teratons Evaporation at
B 0a
Intial pheromone Minimum pheromane Apha
1 1
* *
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T RET AT
Results: R Shiny App Interface

Case 1. 1Cmpt, 11V on CL, additive residual error model (Sparse data)

Run.no.

ui Huang zhonghu

Iteration.No.

1

1

Iteration.

Model Development Summary

Model.

Compartment model
Compartment model

Compartment model

v model
IV model
IV model
Correlation model
Correlation model
RV model

RV model

1Cmpt,IIV.cl,nocorr,combined
2Cmpt,IV.cl,nocerr,combined
3cmpt,lIv.cl,nocorr,combined
1Cmpt,lIV.cl,nocorr,combined
1Cmpt,IIV.clve,nocorr,combined
1Cmpt,IIV.cl,nocorr,combined
1Cmpt,IV.cl,nocerr,combined
1cmpt;liv.cl,corr,combined
1Cmpt,IV.cl,nocorr,additive

1Cmpt,IIV.cl,nocorr,proportional

AIC

402.11

408.39

498.67

402.11

532.31

402.11

402.11

402.11

389.88

518.06

FitnessValue

402.11

10408.39

60498.67

402.11

10532.31

402.11

402.11

402.11

389.88

518.06
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T RET AT
Results: R Shiny App Interface

Genetic Algorithm Output

Fitness Plot

2
b4 b 4 o—d .
1] b= & bo oo oo == 4 bo oo
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T RET AT
Results: R Shiny App Interface

ACO Algorithm Output

AUTO-PPK =

@oastboard

. Fitness Plot
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T RET AT
Results: R Shiny App Interface

ACO Algorithm Output

Pheromone Plot

shoy . sear
' nc Bc onsrv u npar emptiv e ctavp ctavp2 g g merr w
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Results: GA and ACO Final Parameter setting

GA parameters ACO parameters
o Population size: 10 o Ant size : 10
o Crossover probability: 1 o Evaporation rate: 0.4
o Mutation rate: 0.2 o Alpha value: 1
o Maximum of iterations: 15 o Maximum of iterations: 15

Zhonghui Huang zhonghui.huang.20@ucl.ac.uk PAGE 31 2023 16 / 19



Results: Algorithm Performance

Retrieval Rate (%)

Stepwise

GA

ACO

UBiSaq ewndo

[

Ssieds

Structure Overall No. of Models

Structure nw Overall No. of Models
Model compunents

Structure Overall No. of Models

Model components
Structure
[0
RV
Overall
No. of Models
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Conclusion

Conclusion

Fitness Function
o Consider RSE and shrinkage, variance of RV model
o 10000 penalty was appropriate

o May need to revise when extending to other model/data types

Algorithm Performance
o Optimal design data: ACO and GA similar, both outperform stepwise
o Rich data: ACO and GA similar, both outperform stepwise
o Sparse data: ACO superior to GA and stepwise, stepwise better than GA

Zhonghui Huang zhonghui.huang.20@ucl.ac.uk PAGE 31 2023
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Future Work

Considerations in the future

©

Oral/other routes of administration

Nonlinear kinetics

©

©

Setting initial estimates

©

Application to Real-World Data

(]

Publish as R-package
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