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Global Biostatistics and Data Sciences 

How translational statistics 

can enhance the design and 

analysis of clinical trials ?  
By bridging  the gap between 

intermediate signals and long-term 

outcomes of interest 

• Oncology trials require 

significant resources  

• Conducted in highly competitive 

landscape  

• Resulting in increased pressure 

to screen conduct PoC faster  

• Most Phase 2 trials  are 

designed based on short term 

response-Objective Response 

Rate (ORR)  

• While Phase 3 trials are 

designed based on long term  

endpoint-overall survival (OS)  

• Creating the need to link these 

endpoint via  translational 

modelling to optimize decision-

making 
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Significant 
resource 

requirements 

Highly  
competitive 
landscape 

Limited 
budgets for 

Ph2 with 
shorter follow 

up 
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Global Biostatistics and Data Sciences 

Decision making in oncology program 

development  
• Typical decision-making scheme in oncology 
drug development starts with phase 2 based  
on ORR as primary endpoint 

• due to shorter follow-up,  very limited PFS or 
even OS available 

• go/no-go decision at the end of phase 2 
typically is based on ORR only  

• But the success of phase 3 is based on OS  

• OS is hard to predict based on ORR and very 
limited PFS/OS information available when we 
finish Ph2 and start designing  Ph3  

• The main challenge is making informed 
decisions after Phase 2 trials, where only 
short-term endpoints like ORR and limited 
PFS or OS data are available.  

• This can lead to costly failures in Phase 
3 if decisions are based on imperfect 
surrogates rather than robust, combined 
evidence from all endpoints. 

 

• The goal: shift from end of Ph2 decision-
making based on 1endpt to decision based 
on totality of data  

• Win-ratio/win-odds provide convenient 
instrument to make decision combining multiple 
endpoints 

Phase 2 

: 

 ORR  

PFS  

OS  

Success?  

(ORR) 

Phase 

3:  

OS 

Phase 2 

: 

 ORR  

PFS  

OS  

Success?  

(ORR+PFS+
OS) 

Phase 3:  

OS 

5 



Global Biostatistics and Data Sciences 

ORR/PFS are useful  surrogates for OS 

but not perfect  
• The link between the treatment effects  on ORR , PFS vs.  

OS sometimes is known, as shown in this paper:  

• Exploring  how well surrogate endpoints—specifically PFS and 
ORR—predict overall survival in oncology trials.  

• The study uses a large integrated dataset from Bristol Myers 
Squibb (BMS) and evaluates correlations at both the patient 
level and trial level across various cancer types, therapy 
types, and lines of treatment. 

• Similar assessment can be performed  based on literature-
based meta-analysis 

• Their  study shows that effects can vary considerably in 
different cancers and by treatment class  

• PFS/ORR may not always be predictive of OS, especially in a 
larger, more diverse patient populations 

• But what to do if data/meta-analysis is not readily  
available?  

• We propose a  decision to commit to a phase 3 clinical trial 
be based on novel statistical methods combining all these 
endpoints at the end of Phase 2 (C2Ph3 decision)  

• Even if information for the OS and PFS is not completely 
mature    

• This is not  a proposal to change a registrational endpoint, 
just to enhance internal decision-making  6 



Global Biostatistics and Data Sciences 

Goal:   

 Evaluate the impact of novel analysis methods in Ph2  on “quality” of C2PH3 
decision  

 Methods considered leverage totality of data: ORR + partial PFS and  OS data 
to enhance Ph2 Go/No-Go decisions 

Methods:  

 Build a patient-level data generation model for ORR , PFS and OS  

 Multi-State-Model (MSM)   

 Validate it leveraging real study data available (from later line therapy for solid 
tumor) 

 Use   generated data in  Quantitative Decision-Making (QDM)  algorithm to 
assess  performance of novel methods combining ORR  , PFS , and OS endpoints via 
simulation  

1. Win ratio/win odds methods (Pocock et al. 2012)  

2. Joint Frailty Models (Rogers et. al 2016)  

3. Conventional methods (based on single endpoint or “gating”) 

 Apply findings to at least 1 case study  

 All methods assume two-arm randomized  Phase 2 trial (active vs control). We 
do not change the design, just methods to analyze data 

7 

Proposed approach overview      
Simulation-based with case study application  
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Simulation structure at a glance   
We use different data generation and analysis models , for robustness assessment 
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Method Pr Go to 

Ph3 

POS 

(ph3|ph2) 

Win 

Ratio/Odds 
XX.X% YY.Y% 

Joint 

Frailty  
XX.X% YY.Y% 

ORR or OS 

only 
XX.X% YY.Y% 

ORR gating 

OS 
XX.X% YY.Y% 

Analysis Models:  Data Generation:  Simulation: 

When using non-survival methods for C2PH3 decision-making we used assumptions about how those analysis metrics relate to HROS 

- HRPFS and ΔOR related to HROS according to a provided meta-analysis 

- WO equivalent to 1/HROS  

 

Multi-State Model (MSM) 

• Generates dependent (ORR, 

PFS, OS)  data at patient 

level. 

 

• Parameters of transitions 

estimated from case study 

data  

 

• Created 10 scenarios of 

treatment effect and 

durability of response 

(with clinical input)  

 

 

Win Ratio / Odds 

Joint Frailty 

ORR or PFS or OS Only 

 

ORR gating OS  
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• Decision criteria at the end of Phase 2  
(based on Lalonde et a. 2007)   

𝑃 𝐻𝑅𝑂𝑆 𝑃ℎ3 ≤ 𝑀𝑉  < 𝑝

𝑃 𝐻𝑅𝑂𝑆 𝑃ℎ3 ≤ 𝑀𝑉 ≥ 𝑝
  𝐶2𝑃ℎ3 =   

No−Go

Go
 

 

•  𝑝 = 0.75 ;𝑀𝑉 = 0.9 used as an example, can 
be changed   

• For OS as single endpoint and joint frailty 
model, P[HROS < MV] can be estimated directly  

• For methods which do not directly estimate 
a hazard ratio for OS,  we used 
assumptions about how those analysis 
metrics relate to HROS 

- HRPFS and ΔOR related to HROS according to  meta-analysis 

- WO equivalent to 1/HROS  

 

OS-Response 

relationship  

OS-PFS Relationship  

9 

Commit to Phase 3  Decision Criteria 

(C2P3)  
Unified Quantitative Decision-Making (QDM) framework for  all 

analysis methods  

Blue dots are simulated clinical 

scenarios,  

curves are based on unpublished 

meta-analysis  
ASA NJ Chapter/Bayer Workshop 2025  
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* Due to 2 conditions being tested in gating methods, additional calibration required for threshold values (MVs) for  PFS and 

ORR endpoints to control for false positive rate 

Decision-Making  Rules for Various 

Methods  
QDM Application example: If 𝑀𝑉𝑂𝑆 = 0.9 then, 𝑀𝑉𝑃𝐹𝑆 = 0.86 and  𝑀𝑉𝑂𝑅𝑅 = 0.05  

Method  C2Ph3 “Go” Rule (else “No-Go”) 

Combined 

endpoint 

methods  

Win Odds (OS, PFS, ORR) 𝑃 1 𝑊𝑂 ≤ 𝑀𝑉 ≥ 0.75 

Joint frailty model 

(OS,ORR)  
𝑃 𝐻𝑅𝑂𝑆 𝑀𝑎𝑟𝑔 ≤ 𝑀𝑉 ≥ 0.75 

Single endpoint 

Methods  

OS 𝑃 𝐻𝑅𝑂𝑆 ≤ 𝑀𝑉 ≥ 0.75 

PFS  𝑃 𝐻𝑅𝑃𝐹𝑆 ≤ 𝑀𝑉𝑃𝐹𝑆 ≥ 0.75 

ORR 𝑃 Δ𝑂𝑅𝑅 ≥ 𝑀𝑉𝑂𝑅𝑅 ≥ 0.75 

Gating methods  
Gating PFS then OS if 𝑃 𝐻𝑅𝑃𝐹𝑆 ≤ 𝑀𝑉𝑃𝐹𝑆

− ≥ 0.75         else if (𝑃 𝐻𝑅𝑃𝐹𝑆 ≥ 𝑀𝑉𝑃𝐹𝑆
+ <

0.75 * 
                                 and 𝑃 𝐻𝑅𝑂𝑆 ≤ 𝑀𝑉 ≥ 0.75) 

Gating response then OS if 𝑃 Δ𝑂𝑅𝑅 ≥ 𝑀𝑉𝑂𝑅𝑅
+ ≥ 0.75             else if (𝑃 Δ𝑂𝑅𝑅 ≤ 𝑀𝑉𝑂𝑅𝑅

− <
0.75* 
                                                         

  and 𝑃 𝐻𝑅𝑂𝑆 ≤ 𝑀𝑉 ≥ 0.75) 
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*Refs: (Meller, Beyersmann, & Rufibach, 2019); (Beyer, Dejardin, Meller, Rufibach, & Burger, 2019) 
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• Subjects move through the natural disease progression states 
during the study, transitioning following the arrows:  

 

 

 

 

 

 

• When all transitions inactive  ”global null” case  

• We fitted historical data to MSM to obtain transition hazards for 
control arm (Slide 11)  

• Then  modified  transition hazards λi,j for the active treatment 
arm, to create treatment effects (with clinician’s input)  

• This was done for 2 case studies , resulting in 2 simulation 
studies  

Multi-State Model (MSM*)  for Data 

Generation  

1. Stable 

2. Response 

3. Progression 

4. Death 

𝜆1,3 

  

𝜆1,2 

  

𝜆2,4 

  𝜆1,4 

  

𝜆3,4 

  

𝜆2,3 
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Illustration: MSM model fit in 

simulations study 1 

PFS/OS  

 Observed Data and 200 Simulated Datasets 

ORR/OS  

ASA NJ Chapter/Bayer Workshop 2025  
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Single Transition Treatment Effects* 

• *hypothesized effects, not real studies  

1. Stable 

2. Response 

3. Progression 

4. Death 

𝜆1,3 

  

𝜆1,2 

  

𝜆2,4 

  𝜆1,4 

  

𝜆3,4 

  

𝜆2,3 

  1. Stable 

2. Response 

3. Progression 

4. Death 

𝜆1,3 

  

𝜆1,2 

  

𝜆2,4 

  𝜆1,4 

  

𝜆3,4 

  

𝜆2,3 

  

1. Stable 

2. Response 

3. Progression 

4. Death 

𝜆1,3 

  

𝜆1,2 

  

𝜆2,4 

  𝜆1,4 

  

𝜆3,4 

  

𝜆2,3 

  1. Stable 

2. Response 

3. Progression 

4. Death 

𝜆1,3 

  

𝜆1,2 

  

𝜆2,4 

  𝜆1,4 

  

𝜆3,4 

  

𝜆2,3 

  

2. Increase Responders 3. Decrease Progression from Stable 

5. Decrease Post-Progression Mortality  4.  Decrease Progression from Response 
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Positive Multiple Transition 

Treatment Effects* 

8. Super Drug: Increase Response and Decrease 

Progression, Post-Progression Mortality 

6. Increase Response, Decrease Progression 7. Decrease Progression, Post-Progression 

Mortality 

1. Stable 

2. Response 

3. Progression 

4. Death 

𝜆1,3 

  

𝜆1,2 

  

𝜆2,4 

  𝜆1,4 

  

𝜆3,4 

  

𝜆2,3 

  

1. Stable 

2. Response 

3. Progression 

4. Death 

𝜆1,3 

  

𝜆1,2 

  

𝜆2,4 

  𝜆1,4 

  

𝜆3,4 

  

𝜆2,3 

  1. Stable 

2. Response 

3. Progression 

4. Death 

𝜆1,3 

  

𝜆1,2 

  

𝜆2,4 

  𝜆1,4 

  

𝜆3,4 

  

𝜆2,3 

  

 *hypothesized effects, not real studies  
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*hypothesized effects, not real studies  
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Mixed Multiple Transition Treatment 

Effects* 

9. Increase Responders with Rebound 

Progression 

1. Stable 

2. Response 

3. Progression 

4. Death 

𝜆1,3 

  

𝜆1,2 

  

𝜆2,4 

  𝜆1,4 

  

𝜆3,4 

  

𝜆2,3 

  

10. Increase Responders, Decrease Progression 

with Rebound 

1. Stable 

2. Response 

3. Progression 

4. Death 

𝜆1,3 

  

𝜆1,2 

  

𝜆2,4 

  𝜆1,4 

  

𝜆3,4 

  

𝜆2,3 
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Simulation recap:   
Goal:  to evaluate the impact of novel Ph2 methods on  C2PH3 

decision 

 

Methods 

“Novel” bi-variate 
methods  

• Win-ratio/win-odds 

• Joint frailty 

(All leverage  OR + 

partial PFS/OS) 

vs.  

“Conventional” methods 
•ORR only 

•OS only 

•PFS only  

•Gating: ORR then  OS 

•Gating: PFS then OS  

Data  

Metrics: 

•Pr (GO to Ph3| Ph2 
data) 

•Scenarios of 
“Truth”: 

• 10 treatment effects 
for (OS,PFS,ORR) and their  

dependence structure 

• correlated at  patient 
level  

• via Multi-State Model 
(MSM) 

• goes beyond simple 
trial-level correlation 

assumption 

• survival maturity (from 
~50% to ~10% on control)  

 

 

Decisions 

•1) Do novel methods 
incorporating 

surrogates +OS   give 

better  Ph3 GO/No-GO 

decision than 

benchmark 

conventional methods? 

 

•2) If yes, under what  
conditions? 

ASA NJ Chapter/Bayer Workshop 2025  
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 C2Ph3 with 100% probability if 

true HROS < MV 

 C2Ph3 with 0% probability if true 

HROS > MV 

 C2Ph3 with 25% probability if 

true HROS = MV 

• This is the calibration of “type 1 
error” when the target confidence 

threshold p  in our quantitative 

decision-making rule  is 0.75 

• This is how the “ ideal” decision 
curve should look like 

• Never achievable in practice but we 
will look for closeness to a similar 

pattern in the simulation results that 

follow   

 

 

Calibration: a “perfect” decision 

(assists with interpretation of 

results)  

ASA NJ Chapter/Bayer Workshop 2025  
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Results: win odds vs single endpt. methods, 

simulation  study 1 
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Results: win odds vs gating methods, simulation study 

1 
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Simulation Results - case study 2; less 

mature OS  Consistent pattern, less dramatic difference between methods 

ASA NJ Chapter/Bayer Workshop 2025  
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Based on our set of comprehensive (although not exhaustive) scenarios,  

simulations suggest that the 3-endpoint win odds (ORR/PFS/OS) of Phase 2 

data is a robust C2Ph3 metric and we  recommended it as method of choice  

for internal decision-making:  

• OS methods are well calibrated (unbiased) but poor discriminants (lack 
of precision)  

• ORR and PFS methods are precise enough but may not translate into OS 
(bias)  

• Gating C2Ph3 methods are significant improvement over single endpoint 
methods but they rely on a meta-analysis (or some intuition) to fix 
the position of the “gate”. 

• Win odds/ratios prioritise OS, and only move to PFS, and ORR in 
absence of more important events;  can be interpreted without a meta-
analytic relationship; improves precision by adding more information 

• Win ratios suffer from instability in the presence of ties, win odds 
improve on this 

• Joint frailty model estimates don’t (generally) improve on marginal 
models of survival;  

• they are hard to implement 

 

21 

Simulation Results Summary: 
Win Odds vs Other Methods 
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Case study:  illustrating decision-

making  
Treatment effect estimates on various endpoints 

ENDPOINT SUMMARY METRIC ESTIMATE 

 (95% CI) 

FAVORS 

Overall Survival HR for OS 1.38 (0.87, 

2.20) 

Control 

Progression-Free 

Survival 

HR for PFS 0.82 (0.52, 

1.28) 

Active 

Confirmed Objective 

Response 

Difference in ORR 0.071 (-0.092, 

0.204) 

Active 

Three Endpoints Loss Odds (Reciprocal of 

Win Odds) 

1.14 (0.71, 

1.84) 

Control 

Three Endpoints Loss Ratio (Reciprocal of 

Win Ratio) 

1.15 (0.71, 

1.89) 

Control 

ASA NJ Chapter/Bayer Workshop 2025  
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A Case study illustrating decision-making  

(cont.)  
Summary of Various C2Ph3 Methods and Decisions they Invoke  

Method Go Condition(s) Used For 

𝑷 𝑯𝑹𝑶𝑺 < 𝟏  

Probability of 

Go Condition(s) 

Probability Level for C2Ph3 Decision 

𝒑 = 𝟎. 𝟕𝟓 𝒑 = 𝟎. 𝟔𝟓 𝒑 = 𝟎. 𝟓𝟎 

Overall Survival 𝑃[𝐻𝑅𝑂𝑆 < 1] 0.07 No-Go No-Go No-Go 

Progression-Free Survival 𝑃[𝐻𝑅𝑃𝐹𝑆 < 1] 0.80 Go Go Go 

Confirmed Objective 

Response 

𝑃[Δ𝑂𝑅𝑅 > 0] 0.65 No-Go Go Go 

Gating PFS then OS 𝑃[𝐻𝑅𝑃𝐹𝑆 < 0.8665] (else 

𝑃[𝐻𝑅𝑂𝑆 < 1]) 

0.59 (else 0.07) No-Go No-Go Go (PFS) 

Gating Confirmed 

Objective Response then 

OS 

𝑃[Δ𝑂𝑅𝑅 > 0.0617] (else 

𝑃[𝐻𝑅𝑂𝑆 < 1]) 

0.55 (else 0.07) No-Go No-Go Go 

(response) 

Three Endpoint Win 

Odds 
𝑃[1 𝑊𝑂𝑂𝑆,𝑃𝐹𝑆,𝑂𝑅𝑅 < 1] 0.28 No-Go No-Go No-Go 
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We have assumed Win Odds  can be  interpreted as  the reciprocal of HR  

• It may be a strong assumption;  remains to be seen how it holds in practice  

• Our 2 case studies were in same tumor type 

• In principle, our methods are  not  histology-specific, but it needs to be tested in 

different cancers/populations  

The MSM can be useful beyond  just data generation:  

• Visualisation of the mode of action of a drug 

• Illustration of non-proportionality of OS hazards  

• Can be used to predict OS  use for decision-making ( further work)  

• MSM is a simplified categorical model of longitudinal tumour burden 

• Can be compared with more complex fully continuous models of tumour kinetics to 

understand its potential value as a predictive tool 

Caveats   

ASA NJ Chapter/Bayer Workshop 2025  
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1. Struemper et al. (2025) “Development of a Joint Tumor Size–Overall Survival Modeling and 
Simulation Framework Supporting Oncology Development Decision-Making”  

• Developed a treatment-agnostic model linking tumor size dynamics to overall survival  

• Model developed using data of  786 NSCLC patients from seven trials. 

• Using tumor growth rate and patient covariates, the model accurately predicts survival across various 
therapies 

• It aids early decision-making, trial design, and regulatory support but requires further validation, 
especially for targeted therapies and early-stage NSCLC. 

2. Wang et al. (2009): “Elucidation of Relationship Between Tumor Size and Survival in Non-Small-
Cell Lung Cancer Patients Can Aid Early Decision Making in Clinical Drug Development”  

• NSCLC survival is influenced by baseline tumor size and early treatment response, with larger tumors linked 
to worse outcomes. Early tumor shrinkage (PTRwk8) is a strong predictor of overall survival and serves as a 
useful surrogate endpoint in trials. The validated model incorporates tumor size changes and survival factors 
to accurately forecast survival and support early-phase trial decisions, aiding drug development and Phase 
III trial design 

 

• Both use idea similar to ours (predict OS based on earlier endpoint and improve decision-making ) 
but leverage full TG trajectory rather that its binary   “derivative” (ORR)  

• Intuitively, that should lead to more accurate prediction, but validation of  that claim is needed comparing 
the methods side-by side.  

• Both works above rely heavily on specific model/disease  assumptions  

• Computing full TG trajectory (and collecting data for it) is very expensive . MSM offers a “compromise” by 
capturing just a few discrete states of disease progression rather than full curve but aiming to make same 
decision (OS prediction from where the patient is in their trajectory)  

 

 

 

 

 

 

Other related work in this area  
Incorporating tumor growth trajectory into OS prediction 
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• Thompson et al. (2025) discuss “Interpretational challenges 
of the win ratio in analyzing hierarchical composite 
endpoints in chronic kidney disease using the Win Ratio (WR) 
in chronic kidney disease” 
• It a collaborative work of multiple statisticians across different 
companies and academia   

• Main advise is  to use WR as a discriminatory measure (to establish 
presence of treatment effect   

• But avoiding using it as an estimate of such effect due to various 
challenges with its interpretation 
• To mitigate these challenges, they advise to complement it with component 
analysis, avoid mixing outcomes of different severities, use fixed follow-up 
periods, stratify analyses, and be cautious in regulatory settings.  

• They also suggest considering alternatives like net benefit and win-
odds   

• WR has been on the rise in popularity recently due to its ability to 
boost “power” in decision making. But as we bring in more endpoints 
(for  power), we often use interpretability.  

• WR has been  used in FDA-approved trials (e.g., Tafamidis, Acoramidis) 
but more clear guidelines are needed and authors do not recommend to 
use it as the sole basis for regulatory decisions 

• The messaging is consistent with our work (although setting 
is different-CKD)  in a sense that we advocate use win-odds 
(over win-ratio)  and only for internal  decision making (not 
trt effect estimation or using it as a registrational 
endpoint)  

Other related work in this area  
Word of caution  against using win statistics  as an endpoint  
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• Gotte et al. (2020) “Optimal decision-making in oncology 
development programs based on probability of success for phase III 
utilizing phase II/III data on response and overall survival. ” 
• Same goal as our work: focus  on improving probability of success (PoS) in 
Phase III trials by optimizing ph2 decisions and leveraging multiple  
endpoints   

• Incorporate formal QDM (decisions based on estimated PoS)  

• Integrate short-term (e.g., response) and long-term (e.g., overall 
survival) endpoints 

• Focus on ORR and OS relationship but model it differently 

• Extend the concept of decision-making in separate ph2 and ph3 trials to 
Ph2+ design:  

•  Initial go/no-go decision based on Phase II data 

• Continued follow-up of Phase II patients to get more mature OS 

•  Interim analysis during Phase III using updated Phase II data (including extra 
follow-up)  

•  Option to stop Phase III early if updated data indicates low PoS 

• Can be extended to fully  seamless Ph2/3 designs (future work)  

• As a result,  their simulation show reduced risk of premature or costly 
Phase III investments, particularly in cases when the drug affects 
response but does not affect survival. 

• Different methods, consistent messaging and approach rooted in 
robust quantitative decision-making    

 

Other related work in this area 

(cont.)  Don’t stop at Ph2, follow-up Ph2 patients and further enhance 

decision making with seamless ph2/3 and multiple endpoints  

ASA NJ Chapter/Bayer Workshop 2025  



Global Biostatistics and Data Sciences 

 Making good C2P3 decisions in oncology drug development is a challenging problem: 

 Relationships between the OS (registration endpoint), and PFS/ORR (Ph2 endpoint)  are often poorly understood 

 OS is not mature enough  in ph2 to make decisions solely on OS   

 We have presented a novel framework for Ph2  decision-making based on combining OS with surrogate endpoints: 

  3-endpoint win-odds: OSPFSORR  

  Quantitative decision-making based on OS achieving clinically meaningful level (MV) with pre-specified probability (e.g. 75%)   

 And assessed comparative performance of  win odds vs conventional methods using data generated with MSM in a comprehensive 
simulation study  

 Parameters of MSM for the control arm were derived from real data (2 case studies with varying level of mortality)   

 10 treatment effects were created based on clinician’s input  reflecting varying  mechanism of action and magnitude of trt effect  

 Our approach of using MSM to jointly simulate correlated patient level RECIST endpoints helps to understand the relationships  between 
treatment effects on ORR, PFS and OS  and creates clinically realistic data for testing the performance of various   methods being assessed. 
Additional benefits MSM beyond data generation include  visualization of non-proportional hazards and 
predictive potential 

 Multiple related approaches exist in the literature echoing our key messaging:  

  Combining OS with surrogate endpoints  enhances Phase 2 decision-making, potentially reducing Phase 3 failures and accelerating drug development 

 Assumptions about win odds interpretation and tumor type generalizability require further validation. It’s advisable to use win-odds as decision-
making tool, not estimation  

 Other related work includes tumor growth modeling and Phase 2+plus design  that models OS/ORR relationship differently (via mixture distribution). 
Both claim increase precision of decision-making  after Phase by incorporating more information.  

28 
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Final Remarks  
Evolution of Ph 2 decision-making to reduce risk of 

failure in Ph 3   

Screening 

of the  new 

compounds 

for a quick 

sign of 

efficacy  

getting a 

more 

comprehensive 

picture of 

how the drug 

affect the 

disease (e.g. 

tumour 

burden)  

Advancing 

only 

promising 

therapies 

into phase 3 

with higher 

confidence 

ultimately 

improves  

phase 3 

success rate.  

Win 

statistics + 

robust QDM  

improve C2P3 

decisions, 

ultimately 

getting 

medicines to 

patients 

faster     
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