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The Cost of Drug Development 
Eli Lilly R&D Productivity Model 

Paul et al Nat Rev Drug Disc. 2010;9:203-214 



Lack of efficacy remains the main reason for 
development failure 

Arrowsmith & Miller, 
Nature Rev Drug Disc 
2013;12:569  



Sensitivity analysis for development 
productivity 
Success rates are key but cycle time and costs also 
matter 

Paul et al Nat Rev Drug Disc. 2010;9:203-214 



Improving the productivity of drug 
development 
 

•  Spend on projects that fail 

Earlier termination of projects that will 
eventually fail 

• Smaller, cheaper, faster trials 
•  Cycle time for projects that succeed 

Streamline development 

• Intrinsic property of target & molecule 
• How can study design help? 

 Success rates 



Innovative trial designs that improve clinical 
development productivity 

Clinical Trial Simulation underpins all of these by identifying when and how 
best to deploy them for each project 

•Futility analyses 
•Decreased costs and cycle time 

•Dose-ranging studies 
•Potential for smaller sample size to decrease costs 

•Combining studies with seamless designs 
•Reduced cycle time, potential for decreased costs 

•Adaptive phase I designs 
•Decrease costs, increase probability of success 

Adaptive 
designs 

• Model–based dose-ranging studies  
• Estimate shape of exposure/effect curve 
• Smaller trials compared with pairwise comparisons of 

each dose and placebo 
• Longitudinal analyses using all the time-course data 

• smaller and/or shorter trials 

Model-
based 

methods 



Novel clinical trial designs give significant 
productivity benefits 
 

• > 40% of studies are adaptive for phase II onwards 
• 2.3 M$ grant cost saving per trial, 10 month cycle time 

reduction, ~25% reduction in sample size 
• Major driver  is futility analysis  

• Keaven Anderson, 2nd biopharmaceutical Symposium 
ISPOR 2010) 

Merck 
• Modeling and trial simulation allowed a $100million 

reduction in clinical trial budgets 
• Major driver is optimising dose-response studies 
• Milligan et al, CPT, 2013;93:502 

Pfizer 
• Large pharma companies could save $100-$200 

M each, through use of adaptive designs  
• Getz et al, Tufts CSDD, 2013 Tufts 



Adaptive designs in clinical pharmacology 
Improving information quality, reducing costs and 
cycle times 
• Redesigning first in man studies to be 

adaptive 
– Potentially a new industry standard. 
– Improved dose response information, 

fewer subjects, reduced cycle time. 
– Proven utility with first in man study 

using 20% fewer subjects. 
• Applying adaptive designs to other phase I 

studies (e.g. PET studies, multi-dose, PoC 
and drug interaction trials). 

• Academic collaboration (Lancaster 
University) to optimise adaptive designs for 
phase I multiple dose trials. 

• Strong partnerships with Biometrics and 
Clinical Operations. 

 

Implementation of an innovative trial design in a first in man  
study 

  



Using prior clinical data 
A Bayesian adaptive multiple ascending dose design 

Tibaldi et al, Drug Inf J 2008;42:455-465 



An Innovative Multiple ascending Dose Clinical 
Trial Design Using Bayesian Statistics 

An innovative clinical trial design using Bayesian 
statistics in early phase   
•Added value in decision making:  

– Determining when additional cohorts were useful to 
improve characterization of dose/AE relationship 

– Selecting doses for additional cohorts 
– Supporting progression into subsequent studies (e.g. 

Proof-of-Concept) by better understanding the AE 
profile and selecting doses based on predicted AE 
rates 

•Characterized dose-response (incidence of AE) curves by 
type and severity, improving understanding of the 
compound’s safety profile 

•Optimized subject allocation by maximizing number of 
subjects exposed to doses of interest while reducing overall 
sample size 
 

The model-based approach better characterized the full 
dose response curve to predict effects at any dose level 
and support reliable decision making on study termination 
and design options for the next phase. 

Figure 1: Outline of the Study Design 
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Figure 3: Posterior Densities of Doses inducing Target Incidence of a given AE  

Updated  with Part 2 cohort 1 data Part 1 and historical data 

Dose (mg) CV (%) 

40% AE1 151 12.3 

15% AE2 292 11.7 

50% AE3 229 11.2 

40% AE4 268 11.5 

Dose (mg) CV (%) 

40% AE1 144 11.8 

15% AE2 298 11.1 

50% AE3 221 10.8 

40% AE4 284 11.1 

Figure 2: Predicted Cumulative Probability of Occurrence Of an Adverse 
Event vs. Dose by minimal Severity 



Model-based trial designs can deliver “drastic 
streamlining” of PoC trial designs 



Dose response parameters for reduction in HbA1c 

# patients per 
dose 

ED50 (SE%) 
in mg 

Emax (SE%) 
in % of baseline 

Design A 
10 8.4 (210) 8.3 (42) 

30 11.0 (62) 8.6 (25) 

60 10.7 (42) 8.4 (15) 
Design B 

10 9.6 ( 163) 8.9 (24) 

30 9.1 (47) 8.6 (14) 

60 9.7 (27) 8.3 (11) 

0 mg  
2.5 mg 
5 mg 

10 mg  
20 mg 
40 mg 

0 mg  
2.5 mg 
5 mg 

10 mg  
20 mg 
40 mg 

2.5 
mg 

12 weeks 

10 weeks 2 weeks 

A smarter design gives greater precision of effect 
estimates or allows a smaller sample size 

uncertainty reduced 
by 30-50% 

Simulations using the estimated dose-effect relationship (from Phase 2 study, 66-69 patients per 
arm) with “true” ED50=10mg and Emax=8.9% . 40 mg -> 80% maximum effect 

Sample size halved 
for same precision 



To improve productivity the biggest lever is 
increasing success rates (by decreasing 
failure for lack of efficacy) 

What if some of the current 
development failures are 
false negatives? 



Variability in response is a real clinical 
problem 

Therapeutic Area Efficacy rate(%) 
Alzheimer’s 30 

Analgesic’s (Cox-2) 80 

Asthma 60 

Cardiac Arrhythmias 60 

Depression (SSRI) 62 

Diabetes 57 

HCV 47 

Incontinence  40 

Migraine (acute) 52 

Migraine (prophylaxis) 50 

Oncology 25 

Osteoporosis 48 

Rheumatoid arthritis 50 

Schizophrenia 60 

Spear B et al, Trends in Molecular Medicine, 2001; 7(5):201-204 



The causes of variability in drug effects 

• PK Variability 
– Extensively investigated 

• Effect of formulation 
• Special patient group studies 
• Drug/drug interaction studies 
• Effect of genotype on ADME 

• PD Variability 
– Can be well characterised but often less well 

understood than PK variability 

• Patient variability 
– Included as co-variates in PK and PK/PD analyses 

• Environmental differences 
– e.g. diet 

• Differences in medical practice 

• Variability in Disease 
– Poorly studied, poorly understood 
– Therapeutic trials designed to minimise variability in 

disease 

 



Omalizumab dosing in adolescents and adults 

Table 2: ADMINISTRATION EVERY 4 
WEEKS. Xolair doses (milligrams per 
dose) administered by subcutaneous 
injection every 4 weeks 
 

Table 3: ADMINSTRATION EVERY 2 
WEEKS. Xolair doses (milligrams per 
dose) administered by subcutaneous 
injection every 2 weeks 

 



Trastuzumab and Gastric Cancer 
Some patients may need higher doses 

FDA Post marketing commitment (2010): 

• Evaluate the safety and tolerability of an alternate Herceptin dosing regimen that ensures that all 
patients … achieve adequate exposure as reflected by Cmin of at least 12 μg/mL by Cycle 2 Day 21, 
and maintain the exposure level throughout the treatment period.  

• This may be achieved either through a specified regimen applied to all patients or through an 
individualized, pharmacokinetically guided treatment strategy. 

Kaplan Meier survival curves for exposure 
quartiles in whole study population  

Kaplan Meier survival curves for trastuzumab treated 
patients (T+FC) compared to matched controls (FC 

fluoropyrimidine + cisplatin) 

Yang et al J Clin Pharmacol 2012;52:160-166  



The AVAGAST trial of avastin in gastric 
cancer: Unexpected variability can cause trial 
failure:  

Ohtsu, J Clin Oncol 2011;29:3968-3976 



First line metastatic breast cancer survival advantage 
ERBB2 amplification prevalence  22.7% 

What  if Herceptin had been studied without patient 
selection for ERBB2 overexpression? 

The risks of not understanding disease 
variability are failed trials and failing 
development projects 
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This trial would have been negative without patient 
selection 

  Actual  
Benefit  

Expected  
Benefit 

ERBB2  
Prevalence 
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Size 

 

Study 
Duration 

 

52 months 

108 months 

349 months 



• In unselected NSCLC patients MetMab appeared to have no benefit when 
added to erlotinib 

• But in c-met positive patients duration of survival is probably doubled 
  

 

 

MetMAb in Non Small Cell Lung Cancer 
Efficacy depends on Met expression 

All patients Met high Met low 

MetMAb + 
Tarceva 

Tarceva MetMAb + 
Tarceva 

Tarceva p value MetMAb + 
Tarceva 

Tarceva p value 

PFS 2.2 2.5 2.9 1.5 0.04 1.4 2.7 0.05 

OS 12.6 3.8 0.002 8.1 15.3 0.158 

Spigel, ASCO, June 5th 2011, abstract 7505 



I-SPY2: Adaptive designs to investigate 
treatment response variability 
 

  

Signature1 

  

Expected Prevalence2 

All patients  100% 

HR + 49% 

HR– 51% 

HER2+ 37% 

HER2– 63% 

MP 2  48% 

MP 1 52% 

HR+, HER2+ 20% 

HR+, HER2– 29% 

HR–, HER2+ 17% 

HR–, HER2–3 34% 

Exclude HR–, HER2– 66% 

HR–, MP2 38% 

HR+, MP2 63% 

• Phase 2 trial 
• locally advanced breast cancer 

neoadjuvant therapy 
• adapting treatment and biomarker 

signature 

Barker et al, CPT; 2009:86:97-100 



My novel trial designs “wish list” to improve 
drug development and use 
Designs that improve phase 2/3 success rates 

Better methods to detect drug effect signal from the 
noise of non-responders 

Trial designs to distinguish true response from noise 
in non-oncology trials 

Trial designs to detect the drug effect “signal” from 
background “noise” when there is no prior hypothesis 
for the biomarkers of responder subgroups 



Doing now what patients need next 



• Focus so far has been on decreasing costs or cycle times 

• Principal cost saving will probably be through stopping failures early 
using futility analyses. Most drugs fail for lack of efficacy which can be 
mitigated with futility approaches 

• Adaptive designs will have portfolio impact by gating investment but 
they won’t save money for the successes 

• Model based approaches may save money for successes 

• Need other innovative designs that can decrease spend on successes 
(as well as stopping failures cheaply) 

• Do stats and PK need to find more common ground? 



• The really big prize is increasing success rates. 

• What can be done there? 

• How often are we failing drugs because we missed their benefit? 

• How can we do better here? 
– without making trials very large again 
– without losing the benefits of early stopping for futility of drugs that 

won’t work in anyone/enough patients to make it worthwhile? 

• Then introduce that even for the “successes” it is more complicated 
than that – and going to get even more complicated, especially if value-
based pricing really takes off. Although this can also be seen as a 
positive – the need for personalised medicine which is part of the 
Roche credo and often discussed by many companies, if not always 
delivered by the drug teams.  

          
           

   

         
            
            

  

 



Overcoming variability in response 

• PK and PD variability can be overcome (to some extent) 
– “Overdose” 

• To ensure population effect, some (?many) individuals have a larger dose than they need  
• Acceptable for wide therapeutic index drugs 

– Titrate dose to effect 
• Based on (rapid) clinical response or a clinically accepted response biomarker 
• Common in clinical practice 

– Insulin, oral hypoglycaemics, anti-hypertensives, asthma, analgesics, steroids 
– But not for cancer treatments or other “critical” therapies 

• But  
– Not easy (or desirable) to include in clinical trials of new drugs 
– may take a long time to reach effect  
– may never achieve (best) therapeutic effect  

» wrong drug or non-responsive disease phenotype 

– Therapeutic drug monitoring 
• Delayed, intermittent effect (older anti-convulsants, warfarin) 
• Avoiding irreversible toxicity (aminoglycosides) 
• Narrow therapeutic index (digoxin, warfarin)  
• Clinically and commercially unattractive 

• Underlying disease variability cannot be overcome by a “one-size fits all” treatment model 



Omalizumab concentration/effect relationships 



• Other thoughts: 
– how to discuss need for designs that work with exposure effect 

(rather than just dose) 
– What else? 
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