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LOQ data in modeling approach
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Omission Discard BQL data

By zero
By LOQ/2

Substitution

Maximum likelihood
treating BQL data as
censored

Likelihood-
based

LOQ data in modeling approach
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Designing a Trial design
overser - Optimal Design (OD) theory and Aim

Cramer-Rao inequality Prior knowledge Most
of LOQ INFORMATIVE
Var(@) > FIM~1 _ design

OFV(FIM) of model One compartment IV bolus dose

20 —

Parameter 2

Concentrations (mg/L)

Aim:
Design optimization to prevent loss of information
from LOQ constraints
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3 common approaches
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Avoid

Maximize

bother

Maximize non-

censored
information

information
ignoring
censoring
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LOQ data in Trial design

Penalize

Add an
extra
additive
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LOQ data in Trial design

» D1 Ignore
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universiter — Alternative strategies

» D1 Ignore

LOQ data in Trial design
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- LOQdataIn Trial design

universiter — Alternative strategies

Count the

> D1: Ignore 20" 100% dlff_erer_)t
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- LOQdataIn Trial design

universiter — Alternative strategies
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D1: Ignore

D2: Omit PRED<LOQ

D3: Omit IPRED<LOQ

D4: Additive error

D5: Simulation
& FIM scaling

D6: Integration
& FIM scaling

D7: Laplace
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METHOD PERFORMANCE
INFORMATION CONTENT / RUNTIME
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Evaluation
oaverser The model

Model One-compartment [V Bolus

D _CLi CLi, 0.693
Yij =y € i ](1 + ‘SU) 62 1
L 2
V. = 0,e"2 ~N (0, w?) - i
i — Uz Nxi y Wy 2 0.005

o
CL; = 6,e™i  &;~N(0,0°)

Censoring levels

Observations<LOQ 0% 22% 27% 33% 40% 48%

Fixed non-optimized design  0.25,1,2,4 hours post-dose

Method of reference M3 method

14
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» D1 Ignore
» D2: Omit PRED<LOQ
» D3: Omit IPRED<LOQ

» DA4: Additive error

» D5: Simulation
& FIM scaling

» D6: Integration
& FIM scaling

» D7: Laplace
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Evaluation

Design’s information content comparison

Adding an additive error is not recommended
for expected parameter precision
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Evaluation

universiter — Design’s information content comparison

» D1: Ignore

» D2: Omit PRED<LOQ

» D3: Omit IPRED<LOQ

» DA4: Additive error

» D5: Simulation
& FIM scaling

» D6: Integration
& FIM scaling

» D7: Laplace
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Evaluation

universiter — Runtime comparison

Methods using FOCE and Laplace are impractical
due to long run times
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Evaluation

universiter — Runtime comparison

» D1:Ignore
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DESIGN OPTIMIZATION

DESIGNS/ BIAS & IMPRECISION/
ROBUSTNESS/ PREDICTABILITY
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Optimization
saversrer - Models and fixed non-opt. designs

Fixed Design Censoring Type Of
Levels Censoring

2-cmp IV 0,0.25,1,12,24 20,41,57,73% Elimination phase

Bolus hours post-dose (LLOQ)

1st order PK 0,041, 4,20 18, 22, 37,59%  Absorption phase

absorption hours post-dose (LLOQ)

Sigmoid PD 0,04,1,4, 20 12,19, 24, 31%  Upper linear

Emax hours post-dose to saturation
(ULOQ)

Indirect PD 0, 10, 20, 30, 200 16, 25, 45, 66% Inhibition peak

response hours post-dose (LLOQ)

20




Optimization
saversrer - Models and fixed non-opt. designs

Fixed Design Censoring Type Of
Levels Censoring

2-cmp IV 0,0.25,1,12,24 20,41,57,73% Elimination phase
Bolus hours post-dose (LLOQ)
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Non
optimization

Fixed
base |mm
design

Optimization
methods

Ignore

Additive error

==

Simulation

__L

p -
Omit N | D4ab°1Hn I |

mm D4a,b,C pm
—
-

Optimization
Framework for optimized designs comparison

Optimized
designs

o 8

for LOQ,_,,

Integration
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Optimization
oversrer - Optimized designs for the 2-comp. 1V Bolus

LOQ \ P

N ee2------ R . R

20%

S 002 - @ - Y- ]
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I e e K e |

0 5 10 15 20 25

Sampling points (hours)
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Optimization
Optimized designs for the 2-comp. 1V Bolus

41%
oleer - O s 'K

Sampling points (hours)
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Optimization

Optimized designs for the 2-comp. 1V Bolus

57%
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Sampling points (hours)
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Optimization
Optimized designs for the 2-comp. 1V Bolus

73%
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Optimization
Optimized designs for the 2-comp. 1V Bolus
Method D1 — identical design for all LOQ levels

Sampling points (hours)
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Optimization
Optimized designs for the 2-comp. 1V Bolus

Method D2 — no point below LOQ
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Optimization
Optimized designs for the 2-comp. 1V Bolus

Method D2 — no point below LOQ
Method D5/D6 — allow BLQ data strategically

Er\ 002 ---@- - —————— - @ - - ]
e

Rlow-o - 01\ ————————————————————————————————————————————————————— ]
Qlewe o= S ISR |
\_ 10 15 20 25

Sampling points (hours)
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Optimized designs for the 2-comp. 1V Bolus

Method D2 — no point below LOQ
Method D5/D6 — allow BLQ data strategically
Method D4 — allows BLQ data but insensitive to LOQ

magnitude (only for LLOQ)

2ol
ek |
@o;ﬂa 7777777777777777777777777777777777777777777777777777777777777777777777777 ]
S R R .-, i, .K ,,,,,,,,,,, ]
éo;ﬂo 777777777777777777777777777777777777777777777777777777777 .K ,,,,,,,,,,,, ]
J
R ow-0- - oK —————————————————————————————————————————————————————— ]
3 w-z fffffffffffffffff S S |
0 5 10 15 20

Sampling points (hours)

30
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universiter — Framework for optimized designs comparison

Non Optimization Optimized
optimization methods designs
__L

o 8

Ignore

Fixed
base |mm
design

Additive error

==

Simulation for LOQ,_,,

Integration
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Non
optimization

Optimization
methods

Additive error

=

Simulation

Integration

Optimized
designs

Optimization

universiter — Framework for optimized designs comparison

Evaluation

M3 method

Evaluation Evaluation
methods metrics

REE%
Bias J

&
Imprecision

# successful
Robustness = =~ = 7T
minimization

Prediction
ability

Expected
prediction
intervals
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universiter — Framework for optimized designs comparison

Non Optimization Optimized Evaluation Evaluation Evaluation
optimization methods designs methods metrics

REE%
Bias J

&
Imprecision

# successful
minimization

Omit

=

Additive error

=

Robustness ==

M3 method

Prediction
ability

Expected
prediction

Simulation for LOQ, ., intervals

Integration
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Optimization
Bias & imprecision for the 2-comp. IV Bolus

ﬁ
D1: ignore \ D2: omit D4a: LOQ/2 D4b: LOQ D4c: 2LOQ D5: Sim \ D6: Integ.
: == = =
= ﬁ e I *—1—+ """ *—1-+ """ *-l-_T_ -F*-l--h '-I-*-l--h 20%

41%

57%

t T T

0\,\' o\')/ SO Qv o\>' C)\j/ AR O\',\' 0\(,1’ R\

FIXED effects

O\> C)\j/ RN O\')' O\(}/ R\ 0\,\' o\’)/ O Qv
Parameter

73%
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universiter — Framework for optimized designs comparison

Non Optimization Optimized Evaluation Evaluation Evaluation
optimization methods designs methods metrics

REE%
Bias J

&
Imprecision

# successful
Robustness &= =~
minimization

e M3 method
Additive error Prediction
ability
—| D5 | Expected
prediction
Simulation for LOQ, ., intervals

Integration




- Optimization
overster - Robustness for the 2-comp 1V Bolus

For <41%, all methods are robust,
overall D6 performs the best

LOQ Minimization successful* (%)

Fixed
censoring R D1 D2 D4a D4b D4c D5 D6
design
0% 96.5 100 - - - - - -
20% 85 08 99.5 100 99.5 99.5 100 100
41% 93.5 82 100 100 98.5 99 100 100
57% 78.5 77 77.5 88 92 90 100 100
73% 53 36 31.5 59.5 50.5 53.5 58 74
G J

* As reported by NONMEM 36
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universiter — Framework for optimized designs comparison

Non Optimization Optimized Evaluation Evaluation Evaluation
optimization methods designs methods metrics

REE%
Bias J

&
Imprecision

# successful
Robustness &= =~ =T
minimization

- M3 method
Additive error Prediction
ability
—| D5 | Expected
prediction
Simulation for LOQ,_, intervals

Integration
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Concentration (mg/L)
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Optimization

Expected prediction intervals for the 2-comp IV Bolus

57%

censoring

Rich design
with M3 method
reestimation

5 10 __ 15 20 25
Time

2400 sampling times

06
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Concentration (mg/L)
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w N
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median for ©
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D1 (ignore)
optimized design
with M3 method
reestimation

10 _ 15 20 25
Time

5 sampling times 38
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Optimization

Expected prediction intervals for the 2-comp IV Bolus

57%

censoring

Rich design
with M3 method
reestimation

5 10 __ 15 20 25
Time

2400 sampling times
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D2 (omit)
optimized design
with M3 method
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Time
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Optimization

Expected prediction intervals for the 2-comp IV Bolus

57%

censoring

Rich design
with M3 method
reestimation
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Time

2400 sampling times
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D4 (additive error of LOQ/2)
optimized design
with M3 method
reestimation
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Time
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Optimization

Expected prediction intervals for the 2-comp IV Bolus

57%

censoring

Rich design
with M3 method
reestimation
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Time

2400 sampling times
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D5 (simulation)
optimized design
with M3 method
reestimation
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Time

5 sampling times a1
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Optimization

Expected prediction intervals for the 2-comp IV Bolus

57%

censoring

Rich design
with M3 method
reestimation
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Time

2400 sampling times
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D6 (integration)
optimized design
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reestimation

10 _ 15 20 25
Time

5 sampling times "




UPPSALA

Discussion

UNIVERSITET  SUM mary

 Precision prediction:
— All methods, except method D1 (ignore) and D4 (additive

error) fairly well described the loss in information with increasing
LOQ levels.

 Optimization:

Runtime renders Laplace & FOCE impractical

Method D4 (additive error) is insensitive to LOQ levels and
has limitations (only LLOQ)

Designs obtained with all other methods performed better for
BQL levels >20% (decreased %BQL data) than D1 (ignore)

Method D6 (integration) performed the best
BQOL fractions/LOQ levels hence method’s performance
are model-dependent
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. Discussion

universiter | ake-nome message

1. Pre-assess expected fraction of BQL data
2. Pre-assess BQL data’s impact given your model

%BQL high lntegratio! ntegratio %BQL high
Low impact iimulation' Simulation®l High impact

Integration

Low impact §Siguation s

T
Omit .
L t t
% BQL low [ Additive %BQL low
High impact
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| Discussion

universiter | ake-nome message

1. Pre-assess expected fraction of BQL data
2. Pre-assess BQL data’s impact given your model

%BQL hlgh Integration  Integration %BQL hlgh
Low impact EEutEIESIUMECCIE High impact

m
0% BOL |OW A(?drﬂ'it/e In_tegrat?on 0 |
0 BQ Integration ~ Simulation YoBOL low

Low impact ESmEarn: High impact

If you are not certain,
Use Integration/Simulation method
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