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ORIGINAL ARTICLE

Comparisons of Analysis Methods for Proof-of-Concept
Trials

KE Karlsson', C Vong', M Bergstrand', EN Jonsson'2 and MO Karlsson'

Drug development struggles with high costs and time consuming processes. Hence, a need for new strategies has been
accentuated by many stakeholders in drug development. This study proposes the use of pharmacometric models to rationalize
drug development. Two simulated examples, within the therapeutic areas of acute stroke and type 2 diabetes, are utilized to
compare a pharmacometric model-based analysis to a t-test with respect to study power of proof-of-concept (POC) trials. In all
investigated examples and scenarios, the conventional statistical analysis resulted in several fold larger study sizes to achieve
80% power. For a scenario with a parallel design of one placebo group and one active dose arm, the difference between the
conventional and pharmacometric approach was 4.3- and 8.4-fold, for the stroke and diabetes example, respectively. Although
the model-based power depend on the model assumptions, in these scenarios, the pharmacometric model-based approach
was demonstrated to permit drastic streamlining of POC trials.

CPT: Pharmacometrics & Systems Pharmacology (2013) 2, e23; doi:10.1038/psp.2012.24; advance online publication 16 January 2013




Model based vs. traditional data analysis
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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)

® Jest for a drug effect using population model based approaches

® |ncorporate uncertainty in both model structure and estimated model
parameters in dose selection.



Averaged Model Based Analysis Result

Model Based Analysis of Phllb study data recommends me

with 7 probabillity of achieving an effect higher than the target effect.

Assumptions:

- Placebo Model reasonably describes the placebo effect.

- Dose Effect relationship can be described reasonably by at least one of the following models: linear, log-linear; emax, sismoidal.



Modael averaging

How we do It
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P e |C can be any

X — 3 information criteria
2" (in coming example we

- use -2*log(likelihood) )

e Weighting scheme

X — proposed by Buckland
D el et.al. 1997
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Averaged Model Based Analysis Result
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Simulation Studies
based on AZD |98 |




AZD |98l

Oral drug candidate compound for Asthma treatment.

Doses Omg | 0mg 40mg [00mg and 400mg were tested during Phllb Stuay.

Target Effect : 0. 1L placebo-baseline adjusted improvement of FEV |



Phllb study simulation data

Step |: Randomly choose model structure from linear, log-linear, emax, and sigmoidal.

Step2: Choose model parameters from reasonable ranges with appropriate constraints.

Step3: Add the drug effect to the placebo data.
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Averaged Model Based Dose Selection

comparison with the traditional dose selection criterion



Traditional Dose Selection Scheme
base on study protocol of AZD 98|

Choose erther“go” with 10mg, 40mg, 100mg, 400mg or “stop’.

Criterion |: p-value of pairwise ANOVA of active arm and placebo arm is less than 0.05.

Criterion 2: average of the placebo-baseline adjusted effect to be greater than O.1L.



Averaged Model Based Dose Selection Scheme

Choose erther“go” with 10mg, 40mg, 100mg, 400mg or “stop’.

Criterion | All models have to pass the likelihood ratio test against the model without drug effect.

(IT not, automatically “stop’” decision).

Criterion 2: Choose the minimum dose with probability of achieving the target effect is above 50%.



Simulation Study |

correct dose = |0Omg
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Simulation Study |
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Modifications

® Selection criteria for test of drug effect
® how to get uncertainty in model predictions of drug effect

® weighting principles



modelAverage

Graphical user interface based model averaging framework for nonlinear mixed effect models. Recommended to be used together with
NONMEM and PsN

Some improvements for the expression parser.
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Comparison 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.

® Model averaging takes into account uncertainty in models and
parameter estimates and uses predicted drug effect as the
parameter of interest



Averaged Model Based Analysis Result

Model Based Analysis of Phllb study data recommends me

with 7 probability of achieving an effect higher than the target effect.

Assumptions:
> + Placebo Model reasonably describes the placebo effect.
; Loss + Dose Effect relationship can be described reasonably by at least one of the following models: linear; log-linear, emax, sigmoidal.

Conclusion

41% improvement
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Simulation Study |

correct dose = |0Omg

"The covariance steps failed for all four models on 219 simulations.



Preconditioning

a numerical linear algebra “trick” to reduce the rounding error

. | N with Preconditioning
Original with Unconditional and

Unconditional

0.04% of $cov failled

349% of $cov falled 8.3% of $cov falled

Numerical experiments were conducted using NONMEM/7.2 with gcc4.2.1 compiler on MacOSX.



Simulation Study |

correct dose = |0Omg
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Simulation Study |

correct dose = |10mg

400 mg Stop
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Simulation Study 2
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Simulation Study 3
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Simulation Study 4

Study Protocol 8 3 34 402 465
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Simulation Study O

verification of the estimated probabllity of achieving the target effect
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‘ Sirmulation 14
Simulation 15 -2383.52 -2381.79 o
Simulation 16 -2387.23 -2382.33 O —

Simulation 17 «2182.69 -2181.88 «2111.59

|

Simulation 18 «-2381.11

Simulation 19 «2228.73 «2215.64 «2024.85
Simulation 20 «-2385.73

Simulation 21 «2374.58 «2371.5
Simulation 22 «2378.33

: 0251
Simulation 23 «2376.12

Simulation 24 «-2182.53 6071.79

‘S‘Wlﬂm 25 «-2189.18 «2175.47
‘ Simulation 26
-2393.06
237424

Simulation 27 -2396.38 «2394.38

320mg 429m

A A A -

80 160 240 320 400 480

Simulation 28 «-2378.14 «2376.15

Sirmulation 29

Sirmulation 10




Frequencies of Underdosing



Frequencies of Underdosing 493/1000
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Frequencies of Underdosing 662/1000 493/1000



Frequencies of Underdosing 662/1000 493/1000



Frequencies of Underdosing 662/1000 493/1000 319/1000



Frequencies of Underdosing
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Model Basec

Assumptions:

- Placebo Mode

- Dose Effect re

Averaged Model Based Analysis Result

of achieving an effect higher than the target effect.

reasonably descri

Des 1

ationship can be ¢

escr|

hed reasonab

Analysis recommends Mg with 76 confidence level

ne placebo effect.

y by at least one of the following models: linear, log-linear, emax, sigmoidal.



Simulation Study 5

what about the type | error?



Simulation Study 5

correct decision = STOP

There are drug effects ac

cC

to placebo model, but they do not

achieve the target effect within the tested dose range (1.e., 0-400mg)

hence the STO

P |s the right decision.



Averaged Model Based Dose Selection Scheme

Choose erther“go” with 10mg, 40mg, 100mg, 400mg or “stop’.

Crrterion | All models have to pass the likelihood ratio test against the model without drug effect.

(IT not, automatically “stop’” decision).

Criterion 2: Choose the minimum dose with probability of achieving the target effect is above 50%.



Simulation Study 5

correct decision = STOP

Study Protocol

(ANOVA + Averaged Effect)

AMB

with Preconditioning
and Unconditional




Simulation Study 5

correct decision = STOP

StUdy Protocol oY) 778

(ANOVA + Averaged Effect)

AMB

with Preconditioning 502 498
and Unconditional




Simulation Study 5

correct decision = STOP

Probability

of achieving
the [ &

Type | error




Averaged Model Based Dose Selection Scheme

Choose erther“go” with 10mg, 40mg, 100mg, 400mg or “stop’.

Crrterion | All models have to pass the likelihood ratio test against the model without drug effect.

(IT not, automatically “stop’” decision).

Criterion 2: Choose the minimum dose with probability of achieving the target effect is above 50%.



Averaged Model Based Dose Selection Scheme

possible revision?

Choose erther“go” with 10mg, 40mg, 100mg, 400mg or “stop’.

Criterion |: There i1s 95% of probability of achieving the target effect at the highest dose (i.e., 400mg).

(IT not, automatically “stop’” decision).

Criterion 2: Choose the minimum dose with probability of achieving the target effect i1s above _ %.



Estimation Models



Estimation Models

Step |: Construct placebo model.

FEV| = (BASE + PlaceboEffect) x (1+EPS(1)) + EPS(2)

BASE = (Typical_BBASE x EXP(ETA(1))) x (I + coeffNormal x (fev|_%of normal -mean))
X (I +AgeSlope x (AGE-mean))
x SexFactor
+ coeffWeight x (WEIGHT-mean)

Placebokffect = {if placebo=false, O else, Typical_Placebokffect + ETA(2)}

Step2: Add dose effect component.

FEVI = (BASE + Placebotffect + Dose Effect Relationship) x (I +EPS(1)) + EPS(2)



Estimation Models

Step |: Construct placebo model.

FEV| = (BASE + PlaceboEffect) x (1+EPS(1)) + EPS(2)

BASE = (Typical_BBASE x EXP(ETA(1))) x (I + coeffNormal x (fev|_%of normal -mean))
X (I +AgeSlope x (AGE-mean))

x SexFactor
+ coeffWeight x (WEIGHT-mean)

Placebokffect = {if placebo=false, O else, Typical_Placebokffect + ETA(2)}

Step2: Add dose effect component.

Model |1 FEVI = (BASE + Placebokftect + linear) x (I +EPS(1)) + EPS(2)
Model 2: FEVI = (BASE + Placebokffect + log-linear) x (I +EPS(I1)) + EPS(2)
Model 3. FEVI = (BASE + Placebokffect + emax) x (I +EPS(1)) + EPS(2)
Model 4: FEV| = (BASE + Placebotffect + sigmoidal) x (I +EPS(1)) + EPS(2)




Model Averaging

using covariance matrix
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Probability Density
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Probability Density
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Probability Density
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Table of Confidence Level
(Simulation Study | Simulated Data 3)

Effect > TV 29% 3| 7% 95% 1 00%

Effect < TV /176 | 9% 5% 0%




Confidence Level

Fffect > TV

Fffect < TV

25

50

/3

| 00

40 |00

Dose that Achieves the larget Value

(log scale)

400 |



Preconditioning

saving $cov step by providing an inrtial guess of var-cov matrix



Preconditioning

Widely used technique in the field of numerical linear algebra

(1.e., trust me there Is a strong theoretical reason why it should work!})

Linearly re-parameterize the model using the “inrtial guess™ of the var-cov matrix to decrease the
condition number of the re-parameterized model’s var-cov matrix that NONMEM is estimating.

(1.e., trick NONMEM to think var-cov matrix 1s almost a diagonal matrix!!)



INnitial Guess of var-cov matrix

DL
or

. \/ Cholesky




Thetal _original
ThetaZ_original
Theta3_original =
Theta4_original
I hetas_original

.xT
B TH

X | H

.xT

X | H

L of inrtial guess

TA(D

-TA(L) +

—TA(L) +

TA(D

-TA(L) +

Inear re-parameterization of the mode|

\/

X | H

“TA(2)
TAQ) + [l XTHETAQ)
TAQ) + B < THETAG) + [l < THETA(

TAQ) + || xTHETAQR) + [ X THETA(




Model What NONMEM thinks
Parameters the model parameters are...

B < THETA(1)

S THETA(L) + [l <THETAQ)

Theta3_orignal = | xTHETA(I) + [ xTHETA2) + [l x THETA(3)
Theta4_orignal ~ [MXTHETA(1) + I8 xTHETA2) + B x THETA(3) CTA(
Theta5_original xTHETA(I) +  xTHETAQ) + || xTHETAQ) + [l x THETA(

Thetal _original

ThetaZ_original




var-cov matrix for THETA

T the Inrtial guess Is perfect

[A

var-cov matrix for TH

T the Inrtial guess Is gooc




var-cov matrix
for THETA




var-cov matrix

L of inrtial guess  THETA " of initial guess




L var-cov matrix _
L of inrtial guess " of initial guess v

~COV Mmatrix

for THETA for |

heta_original




Vi

Prbcessing

L —

Java based programing language for visual design (e.g. iInfographics) artists.



Cost of Drug Development Program
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