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Exposure Response Analyses
Potential for a high ROI?

� Support discovery and development process

� Contribute to primary evidence of 
effectiveness and/or safety

� Provide support for primary efficacy studies

� Support new target populations

� Adjustment of dosages in subpopulations 
defined by intrinsic and extrinsic factors

� New dose regimens, dosage forms and 
formulations, routes of administration, and 
minor product changes
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Wide Therapeutic Index- Definition of a “Blockbuster”?
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How Do We Estimate Exposure?

0 Dose

0 Plasma Concentrations

1 Cmin (trough)

1 Cmax (Tmax)

1 AUC

1 T > MIC

0 Rate of change of Cp

0 Effect site concentration



Exposure-Response Analyses
Concentration vs. Dose-Response
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Rich Sampling
Traditional Approach
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Sparse Sampling 
Population Approach

2 Few data points per subject
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Population PK Modeling 
of Sparse Data

*
Patient 1
Patient 2
Patient 3
Patient 4
Patient 5

Patient 56
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2 Curiosity – 1980’s

3 Evaluation of Population PK in Therapeutic Trials 

3 Grasela et al Clin Pharmacol Ther 1986

2 Adolescence - 1999

3 FDA Guidance for Industry in Population Pharmacokinetics

3 Value of Real Time Data Assembly and Analysis

2 Integral to regulatory decision-making? - 2002

3 FDA Draft Guidance for exposure-response relationships

3 “Exposure response information is at the heart of any 
determination of the safety and effectiveness of drugs”

2 Maturing as basis for successful commercialization?

3 Capitalizing on exposure response relationships

Population PK Modeling and 
Exposure-Response Evaluations

The Accelerating Evolution



Real Time Data Assembly

Analysis and 
Simulations

Knowledge
Based

Decisions

Collaboration

Cognitive Engineering
The OODA Loop

Orient

Observe

Act

Decide

Cognitive Engineering. Grasela TH. Pharm
News 2002;9:87-93.



Data Assembly for Population Analysis
Problems for ER Analyses

5 Timetable for development is always aggressive

5 Considerable pressure on data management 
personnel to expedite data clean-up

5 Information required for population PK/PD  
analysis is generally not available until primary 
safety and efficacy data prepared

5 Results in high discard rates and delays in 
completing analyses and simulations

5 Lost opportunities to impact on development and 
regulatory decision making



Data Assembly for Population Analysis
Example of “Retrospective” Phase II Data Clean-up

6 2423 concentrations measured

7 1220 (~50%) concentrations were discarded

7 Exclusions:

8 98:  Unknown if drug was administered with food

8 23:  Collection errors with dosing date/time history

8 22:  Duplicate sampling times or barcodes

8 949: Unable to reconciled PK requisition database

8 137: Cp value missing or zero



Content

9 Sample collection information

9 Measured drug concentrations

9 Dosing history

: Dosed amount assigned/given

: Sufficient dose dates and times

9 Treatment codes

9 Demographics/vital signs

9 Laboratory data

9 Efficacy measures

9 Concomitant medications

9 Adverse events

Data Assembly for Population Analysis
Complexity of Content and Deliverable

Deliverable

time-ordered 
sequence of 

relevant events 
for each patient 
from time of first 
dose until time of 

last sample



A Strategy for Monitoring Delavirdine PK 
During the Phase III Clinical Development 
Program

DIA Journal vol 33, pp. 273-279, 1999

Data Assembly for Population Analysis
Real Time Data Assembly

“…Real-time data assembly would permit 
population PK data analysis to be performed 
before the end of a clinical trial and would make 
it possible to include the results in the filing of 
the new drug application (NDA).”

1999 Guidance for Industry 
in Population Pharmacokinetics



FilingFull  DevelopmentExploratory Development

First Time
in Man “Go / No Go”

Exposure-Response Analyses and Simulations
Scope and Span of Work

PK Model Development

Development Plan

Data Assembly and Exploratory Analyses

Exposure-Response 
Analysis and Simulations

Registrational Documents

Model Refinement and Covariate Analysis
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Population Modeling to Guide 
Phase 3 Dose Selection of 

AC2993 (Synthetic Exendin-4)

Influencing Drug Development Decisions 
with Exposure Response Analyses

Phillips L, Fineman M, Taylor K, Baron A, Ludwig E, Grasela TH.
CPT 71 (abstract):29, 2002 

Exposure Response Case Study



Exendin Exposure-Response Analyses
Planning for Phase III Clinical Trials

; AC2993 is a novel glucose lowering peptide for the 
treatment of patients with type 2 diabetes.

; Single and multiple SQ doses of 0.05-0.4 µg/kg lead to 
significant reductions in plasma glucose in patients with 
type 2 diabetes.

; AC2993 (0.08 µg/kg) administered BID for 28 days 
resulted in HbA1c reductions of 0.8% compared to 
placebo.

; The most common adverse event reported was dose-
dependent, transient nausea.

; Goal of E-R Evaluation

< To evaluate safety and efficacy implications of a fixed 
dosing regimen for future application in long-term 
controlled trials

)Phillips et al 
Clin Pharmacol Ther 71:29 (abstract), 2002



Exendin Exposure-Response Analyses
Analysis and Simulation Strategy

= Utilize all available Phase I and II data from a broad range of doses

= Develop a population PK model following SQ administration

> Weight was a significant predictor of clearance 

= Develop a model for the relationship between AC2993 exposure 
(AUC0-5hr) and glucose response (AUC0-5hr)

= Utilize weight distribution for Type 2 diabetics typically enrolled in 
clinical trials

= Defined Targets:

> AC2993 AUC(0-5) of 600-950 pg*hr/mL

> Safety: AUC < 950 associated with a decreased risk of 
nausea/vomiting

> Efficacy: AUC > 600 associated with ³ 20% reduction in glucose 
AUC(0-5)

= Endpoint: % of subjects predicted in target range for selected fixed 
doses

Phillips et al 
Clin Pharmacol Ther 71:29 (abstract), 2002
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Exposure-Response Analysis
Simulation Target Attainment

24.421.813.5> 40%

% of subjectsAC2993 AUC(0-5)Target Range

55.554.847.520-40%

20.123.439< 20%
% of subjectsPercent decrease Glucose AUC(0-5)

51.223.10.1Increased nausea risk > 950

42.263.98.2Minimal nausea risk 600 –950
6.61391.7No nausea < 600

12105
Dose (Pg)

Response

Phillips et al 
Clin Pharmacol Ther 71:29 (abstract), 2002 



Exendin Exposure-Response Analyses
Conclusions

? PK/PD modeling and simulation was 
used to translate Phase 2 data, obtained 
from various doses of AC2993 
normalized to body weight, into more 
convenient fixed doses planned for the 
Phase 3 program

? The 10 � g dose best balances 
effectiveness and tolerability: 

@ 77% of subjects are predicted to have a low 
risk of nausea and vomiting

@ 77% of subjects are expected to achieve ³
20% decrease in glucose AUC0-5hr.

Phillips et al 
Clin Pharmacol Ther 71:29 (abstract), 2002 
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Gatifloxacin & The Elderly: 
Pharmacokinetic-

Pharmacodynamic Rationale 
For A Potential Age-Related 

Dose Reduction

Ambrose P, Bhavanani S, Cirincione B, Piedmonte M, Grasela, TH
JAC (In Press 2003)

Exposure Response Case Study



A Gatifloxacin is a fourth-generation fluoroquinolone approved 
for the treatment of susceptible infections and launched in 
2000

A Medwatch has received anecdotal reports of rare but serious 
hyperglycemia in elderly patients receiving standard dosing 
regimens (400 mg PO or IV Q24 hr) of gatifloxacin

A Recent in vitro data suggest a dose-related decrease in 
insulin release from hamster pancreatic beta cells in 
response to a glucose challenge after exposure to 
fluoroquinolones

A One possible factor may be gatifloxacin over-exposure due 
to age related decreases in renal function in elderly patients 
predisposed to glycemic alterations 

A Available demographics and PK/PD models were used to 
perform a risk/benefit assessment for alternative dosing 
strategies

Gatifloxacin & Hyperglycemia
Background



1Predicted AUC presented for 10/11 index cases for which enough demographic data was available.  All cases 
were female and received standard dosing regimens (400 mg PO or IV Q24 hr) of gatifloxacin. 

2Dosing regimen not provided but assumed to be standard  
3BUN/Scr values presented include those closest to gatifloxacin exposure (pre, during or immediately post-
therapy). 

4When Scr or weight was unknown, AUC was predicted by assuming Scr to be 1.0 mg/dL & wt. to be 70 kg.

Patient Age DM Dx Bun/Scr3 Weight (kg) AUC24
4

1 53 No Hx 76/2.4 55 100
2 65 No Hx 47/1.2 NA 66
3 83 No Hx 50/1.4 NA 73
4 85 No Hx 18/1.2 NA 71
52 86 No Hx unknown/2.0 NA 79
62 98 No Hx NA NA 73
7 74 Yes (stable) 12/1.2 52 96
8 78 Yes (stable) 18/0.8 75 57
9 83 Yes 104/4.1 72 83
10 95 Yes NA NA 69

Gatifloxacin & Hyperglycemia
Estimated AUC24 for Index Cases1



Monte Carlo Simulation Results
Predicted AUC24 for Patients t 65 yrs, 200-mg

AUC24 (mcg*hour/L)

Mean = 32.36 
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Monte Carlo Simulation Results
Predicted AUC24:MIC for Patients t 65 yrs, 200-mg

AUC24:MIC

Mean = 126.20
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D PK models and demography can provide a basis for 
predicting exposures in elderly patients experiencing AE

D There is a significantly decreased probability of elevated 
concentrations with 200 mg QD in patients ³ 65 yrs 

E Probability of AUC24 ³ 60 was 3% for 200-mg QD versus 51% for 
400-mg QD

E Probability of achieving PK-PD target for S. pneumoniae with 200-
mg QD dose is 99%

D These findings suggest that a dose reduction in elderly 
patients may result in a decreased risk of severe 
hyperglycemia in predisposed patients

Gatifloxacin & Hyperglycemia
Conclusions



D Collaboration on study design, CRF design, sampling 
strategies, training and logistics to improved data 
quality and value of analyses

D Implement next generation data management and 
analysis environment to further expedite real time 
knowledge generation

D Influence decision-making via knowledge 
communication between Modelers and Customers 

E Project Management, Clinical Pharmacology, Medical, 
Regulatory Affairs, Data Management, and Statistics 

E Regulatory Agencies

D Capitalize on exposure-response relationships during 
development and commercialization

Exposure Response Analyses
The Next Level of Performance



Thank You
For more information contact:
Thaddeus Grasela, PharmD, PhD
President and CEO
ted.grasela@cognigencorp.com
Phone: 716.633.3463 ext. 227



Response versus exposure relationship for a wide therapeutic 
index 6
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Large frequency of PMs (20%)
12
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Data MartsData Marts

Clin Pharm
Data Warehouse

Clin Pharm
Data Warehouse

Clinical Safety
Data Warehouse

Clinical Safety
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Clinical Efficacy
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Clinical Efficacy
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Operational Data Store

Data ScrubbingData Scrubbing

Outlier DetectionOutlier Detection

Audit TrailAudit Trail

Data ModelData ModelData Model

Exposure-Response Analyses 
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Bayesian Estimation
Patient-Specific Measures of Exposure

Minimization of the Bayesian objective function 
results in estimates of pharmacokinetic 
parameters unique to the patient which take into 
the account measured and predicted drug 
concentrations, along with the information on 
measurement error and the typical variability 
values of pharmacokinetics in the population. 
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Exposure-Response Analyses 
Knowledge Generation



Monte Carlo Simulation Results
Predicted AUC24:MIC for Patients t 65 yrs, 400-mg

Mean = 252.40 
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Sparse Data and Population PK

Patient 1
Patient 2
Patient 3
Patient 4
Patient 5
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Œ Critical Challenges:

• Decide what knowledge is needed

• Generate knowledge efficiently so that 
results are available when they are 
needed for decision-making

• Incorporate knowledge into the decision-
making process

Exposure-Response Analyses
Generating Knowledge in Real Time

Grasela TH. Pharm News 2002;9:87-93.



Ž Develop PK Structural model using Phase I data

Ž Perform exploratory analyses on clinical trial data

Ž Refine model for clinical trial data 

• Model simplifications?

• Covariate effects

Ž Estimate exposures for patients in clinical trials using 
all available concentrations

Ž Perform exposure response analyses for safety and 
efficacy endpoints using a wide range of doses

Ž Perform simulations to assess outcomes for alternative 
regimens

Ž Success requires collaboration, coordination, and the 
effective strategic use of knowledge

Exposure-Response Analyses
Tasks Span the entirety of development



Exposure Response Analysis
Glucose Response to AC 2993



Decision Analysis Framework
How does E-R inform probability of outcome?

Diagnosis

TRT A

TRT B

Success      % & cost

Failure      % & cost

Failure      % & cost

Success      % & cost

Cost 
of 
A

Cost 
of 
B



MONTE CARLO SIMULATION RESULTS
Predicted AUC24 for Patients t 65 yrs, 400-mg

Mean = 64.72
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