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Background

Population pharmacokinetic (PK) models are useful for describing time-concentration data, but often =, —FPhamacokinetics _ Drug ipformation _ r)onproprietary and proprietary

there is little time and no budget to engage corporate or external experts to analyze data and S e — was incorporated into the PhysioPD model.

determine these values. The analysis often involves rather specialized software such as Nonmem, e = -
SAS NLMIXED, or the nime package in R/S. .. _ |

In several recent engagements, we needed to test our models with “reasonable” drug time-
concentration profiles to facilitate trial simulation methods development, and wanted to see if a simple
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method could be used to approximate population PK model without having to teach scientists, not i : o N Giyburide_Dose | ——>| Giyburide_G1 | ——>>| Glyburide_Plasma =—{ Giyburide_Poo2
specializing in PK, a new programming language. This effort is necessary because often p— : ' ' ' '
physiologically-based pharmacodyamic (PhysioPD™) modeling occurs simultaneously or prior to the ) [ Start_Gyburide TR i 0.1

development of rigorous PK models. The PK information is needed to build and test the physiological
model and clinical trial design may be necessary before data from concurrent clinical trials is
available. While there are programs available to estimate individual and population PK, we needed a
program that could be used by scientists, without specialized training, and at limited cost.
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Individual and popPK models were needed to
incorporate this data into the PhysioPD model.

We describe a simple method to generate approximate central tendencies and measures of

distribution for PK/PD model parameters. A mean and covariance description of parameters allows | Testing the model ‘?‘Td trial sirr_lulat?r with approximate
easy resampling for Monte Carlo type simulation. The average and distribution of the PK time- popPK parameters: “Spaghetti plot” of predicted time-
concentration curves generated using this approximate method are close to those observed Development of PhysioPD models often concentration values

experimentally. We have used the technique to allow the preliminary evaluation of our PhysioPD occurs before clinical data is available
model structure, parameters, and outcomes using model-generated time-concentration profiles that
are similar to those from actual subjects. This method does not account for parametric covariance,

and problems in those predictions are known (1-3). However, the model parameters generated by the . . Diabetes Model Development 1 i T :
Rosa Excel macro were very useful for testing of the complex PhysioPD models i o o A o A
y J P y ' incorporates glucose, lipid PhysioPD models use a g ;
metabolism as well as PK. simulation engine to calculate Preclinical Phase 1 - 100 /\ * ﬁ\
outputs of interest. o i b
Stage of Drug Development ? :
PhysioPD models are used in a decision process: v 0 b 7 20
. . . . 200
° that compounds to develop preclinically an_d clinically? PhysioPD model results when treated with placebo or SUR drug during OGTT 0 . \ i
 Which compounds should be leads, and which should be backups? + Sy
. . . . . . 0 0=t ; ; 0
 What is the optimal design for a clinical trial? LI

 What assets/compounds to in-license/out-license?

Use rigorous popPK for final trial simulation: Individual
pk generated by Monolix. In general, approximate and
rigorour time-concentration curves matched well,
parameters less so.
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 How to prevent/mitigate/manage safety issues and potential adverse
events?

 What collaborations/partnerships to undertake?

 What companies/compounds to acquire/divest?
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Standard Compartmental PK Modeling

1. Structure

2. Parameters, one set per subject
Straightforward (done in WinNonLin)
Can choose to resample by selecting different
subjects
Hard to generate new, physiologically reasonable
subjects for simulation

Plasma glucose inceased after each meal. The drug effect was a lowering of postprandial glucose.
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Rosa Excel macro Software Tested

1. Str r :
— 2. f/ltel;cr:ltl;r?d variance values for parameters * Nonmem Funct|_onal:
Fairly easy ) Matlat_) Miemellbe
‘ . * Monolix Rosa Excel Macro
Parameters generated are close to “standard - PKBUGS o L .
Generates reasonable time-concentration curves ne frequently requested use of the tested trial simulator and rigorous

» Rosa Excel Macro

popPK: dose-response and adverse response. The simulator also
allows confidence intervals and sensitivity of outcomes to parameter
distributions (not shown).

Allows testing of PhysioPD models

Population PK Modeling _ P——
1. Structure Declined: Price
2. Mean and covariance structure of parameters Nonmem J Lead time
Uses scarce resources Matlab Training " Placebo —Peceho
Ideal way to generate new subjects for simulation PKBugs | . o1 * pose 1
Y109 J : Installation An Excel macro was designed for ease of use. 51 —ooee * —Dose 2
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Methods

This experiment was done as two steps. The first step was to evaluate the available software for use by individuals who were not Generate individual PK fit
trained pharmacologists. The second step was to evaluate the results from the software itself.
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Published data for glyburide and metformin were selected to use as supply data for comparative examples. We attempted to
generate individual PK and pop PK for each data set using a) Monolix, b) PK Bug, and c) Rosa PK Macro. To help us
understand how usable each system was for someone not trained in PK, we had scientists download, install and run each
program. Each program was rated on ease of acquisition, ease of use, usefulness of the results, and cost. The results from each
program were then compared to published or NONMEM generated models.
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Because MS-Excel is often used to contain and transmit data, we utilized the MS-Excel's Visual Basic macro functions to
generate and test model parameters. The first step was to create a system to fit concentration curves and provide a matrix of
patient-specific parameters for a PK model. We generated a series of macros utilizing time by concentration data to provide PK
model parameters for a standard one or two-compartment model. The fittings were done to optimize the sum of the weighted
square errors. These optimizations were done using the Solver feature (based on Generalized Reduced Gradient method) of
Microsoft Excel. The system functions with single dose or multiple doses of drug with each dose during the day displaying

A TID dosing of a new compound with three meals experiment. Results plotted are mean values. PK
values differed with each dose.

different kinetics. The individual peaks for each dose were determined by classic "peak stripping" techniques. For the population C I X

PK, the individual parameter values with the variance estimates from a small data set were used to generate a large random Our goal: approximate PK parameter distributions OnC USIOnS

population. The mean and variance of the random population were then compared to original to determine if the variability from : — _ _ - _ _

the random population matched the variability from the small dataset. The model parameters that were generated were should give predictions that match data, and A system was designed to allow a simple method to fit individual PK model parameters using concentration

compared to the literature and those generated using Nonmem. should approximate popPK parameters data and to approximate population PK parameters using widely available software. The system utilized either
| single dose data or multiple dose data and provided reasonable PK model parameters for each dataset

Datasets used: T T L tested. The population PK model parameters generated by the system provided parameters and variance
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049 o No ovel O lamp 0mo oom Dmm D DEG 0 0w Nem D& sm values that were useful in testing Rosa’s PhysioPD models. The ease of generating approximate estimates for

0637 57.8485 10224 4312401 03571 31.4021 0617 130126 06199 1477359 09048 B27831 0875 2684668 09258 167.9031

1.0149 192.1629 19622 595492 07976 257.8241 059052 384.3569  0.7633 171.2033 1.7262 1255064  1.0777 ) 280.001 1.2619 234.4214 . . . . . - -

1.2536 192.0837 3 976922 09762 339395 11703 41206625 110220 1556320 25238 10893457 1.5449 2283548 1.68042 1758704

18377 1583.68151 4.0871 78.8183 1.2262 3309193 1.3579 330.8326 1.272 1605043 3.0112  132.408 1772 218.3021 2.3027 177.3294 these paramete rS for tEStIng the PhySIOPD mOdel and trlal SImU|at|0nS Was usefu' to Our SCIentIStS- The

1.8031 201.6598 5.008  ¥8.9371 1.4405 2508003 21343 14936320 17356 131.2907 40714 97559 22992 159.9521 3.003 102.0378 . A .

e e e e e method implemented has the advantage of utilizing standard worksheet software for those users who do not
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have access to and training in specialized software or the time of expert kineticists.
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We emphasize that this is an approximation, with some deficiencies that are well known. However, this
R approximation has been used to test our PhysioPD models prior to the availability of rigorous popPK, and the
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