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Collecting and reporting information on occurrence of adverse 
events (AE) is a very important part of clinical trials to discuss 
usefulness of treatments. 

Incidence proportion (number of AE occurrence/number of 
subjects) is routinely reported. 
• Useful as an initial summary
• But, if follow-up periods are different between treatment 

groups, incidence proportion is hard to interpret. 

Use of survival analysis techniques is of interest for AE analysis 
(SAVYY project)
• More relevant summary
• But, hardly applied at least all the AEs.

Background
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A single study can give very limited information on AE. Then, 
meta-analysis (MA) is expected to be useful.

FDA guidance# summarizes issues in MA for AE
• Sparsity
• Heterogeneous follow-up durations

In oncology clinical trials, AE is designed to be followed until PFS 
(plus alpha) or OS. Then, the follow-up duration is inconsistent 
among treatment groups. 
• Simple aggregation of incidence proportions would not be 

appealing.

Background

#: FDA Guidance for Industry: 
Meta-Analysis of Randomized Controlled Trials to Evaluate the Safety
of Human Drugs or Biological Products. 3



Objective:
To propose methods to summarize occurrence of AEs 
accounting for heterogeneous follow-up durations.

Outline:
1. Motivating example
2. New proposal
3. Application to a real dataset 
4. Simulation study
5. Discussion

Objective and outline
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A meta-analysis of celebrovascular events for patients of various 
cancer-type treated by Bevacizmab

Motivating example

Zuo et al. (2014, Plos One)

Forest plot of enrolled studies:
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Aghajanian et al. (2012, J Clin Oncol)
Doubly masked Phase 3 RCT for patients of uterine cancer
BV (n=247) against placebo (n=233)

Primary endpoint: PFS
Study end: PFS plus 1 month (until when AE is followed)

BV： 𝑝̂஺ா=ଶ ଶସ଻⁄ ≅ 0.008
CT： 𝑝̂஺ா=ଵ ଶଷଷ⁄ ≅ 0.004

The first study

Primary analysis for efficacy: KM Analysis of safety: Incidence proportion

KM for PFS suggests BV has longer follow-up
duration. 

Incidence proportion is hard to interpret.
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From ethical viewpoints, AE is designed to be followed 
until the primary endpoint (PFS, OS) is confirmed.

The result for the primary endpoint is usually summarized 
graphically with the Kaplan-Meier estimates.

In words, we may get information of the follow-up 
durations of AEs. 

Standard practice in oncology clinical trials

Idea: estimate cumulative distribution functions of
time-to-AE using KM for PFS/OS.
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Consider meta-analysis of AEs in RCTs of two treatments 
(k=1/0) in oncology

Assumptions on individual RCTs

Primary endpoint: PFS or OS
Follow-up of AE: until OS or PFS+α (say, 1 month)
For simplicity, PFS is the primary endpoint and the end of 
follow-up for all the studies (α=0).

Notation
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For i=1,2,…, 𝑛௞௦  
- 𝑇௞,௜௦  : time-to-PFS
-  𝐶௞,௜௦  : censoring for PFS
- 𝑇௞,௜௦  ௙௢௟௟௢௪ = min (𝑇௞,௜௦  , 𝐶௞,௜௦  )：observed end of follow-up for AE 
- 𝑇௞,௜௦  ஺ா  ：time-to-AE

- 𝐹௞௦  𝑡 = 𝑃(𝑇௞,௜௦  ≤ 𝑡), 𝑆௞௦  𝑡 =1- 𝐹௞௦  𝑡
- 𝐹௞௦  ௙௢௟௟௢௪ 𝑡 = 𝑃(𝑇௞,௜௦ ௙௢௟௟௢௪ ≤ 𝑡), 𝑆௞௦ ௙௢௟௟௢௪ 𝑡 =1- 𝐹௞௦  ௙௢௟௟௢௪ 𝑡
Distribution of AE is assumed common across studies;
- 𝐹௞஺ா 𝑡 = 𝑃(𝑇௞,௜஺ா ≤ 𝑡), 𝑆௞஺ா 𝑡 =1- 𝐹௞஺ா 𝑡

Notation
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at risk data

Data
For s=1,2,…,S: the studies    k=1/0: the treatment group,
The followings are supposed to be observed; 𝑛௞௦  :the number of subjects 𝑋௞௦  : the number of AE of interest𝑆መ௞௦  𝑡 :KM for PFS extracted by a graph-scan software 
such as Dizitizer

At-risk data attached 
to KM for PFS
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Key idea of our proposal

𝑝௞(௦)＝𝑃 𝑇௞,௜௦  ஺ா  ≤  𝑇௞,௜௦  ௙௢௟௟௢௪
= ∫ 𝑃 𝑇௞,௜௦  ஺ா ≤ 𝑡 𝑇௞,௜௦  ௙௢௟௟௢௪ = 𝑡 𝑑𝐹௞௦ ௙௢௟௟௢௪(𝑡)ஶ଴
= ∫ 𝑃 𝑇௞,௜௦  ஺ா ≤ 𝑡 𝑑𝐹௞௦ ௙௢௟௟௢௪(𝑡)ஶ଴

- For 𝑃 𝑇௞,௜௦  ஺ா ≤ 𝑡 , some parametric survival model is supposed. 
This is free from the follow-up duration and thus can be compared 
between treatments. 

Two settings are considered;
- Independent follow-up: 𝑇௞,௜௦  ஺ா ⊥ 𝑇௞,௜௦  ௙௢௟௟௢௪
- Dependent follow-up 

Incidence proportion:

If independent

Kawaguchi and Hattori (2026, RSM) 11



Kaplan-Meier
for PFS

Proposed method: independent follow-up

With 𝑇௞,௜௦  ஺ா ⊥ 𝑇௞,௜௦  ௙௢௟௟௢௪

𝑝௞௦  𝜃௞ =  ∫ 𝑃 𝑇௞,௜௦  ஺ா ≤ 𝑡; 𝜃௞ஶ଴  𝑑 1 − 𝑆መ௞௦  𝑡   𝑃෠ 𝐶௞,௜௦ ≥ 𝑡
Estimate assuming
exponential dist.
using at-risk data

𝑝௞(௦) = ∫ 𝑃 𝑇௞,௜௦  ஺ா ≤ 𝑡 𝑇௞,௜௦  ௙௢௟௟௢௪ = 𝑡 𝑑𝐹௞௦ ௙௢௟௟௢௪(𝑡)ஶ଴  
=  ∫ 𝑃 𝑇௞,௜௦  ஺ா ≤ 𝑡 ஶ଴  𝑑 1 −   𝑆௞௦  𝑡     𝑃 𝐶௞,௜௦ ≥ 𝑡   

Assume some 
parametric model

Regarding 𝑋௞(௦)~𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑛௞௦ , 𝑝௞௦  𝜃௞ ) approximately, 
estimate 𝜃௞ via maximum likelihood. 
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Proposed method: estimation of censoring dist.

Assume 𝑇௞,௜௦  ⊥ 𝐶௞,௜௦ . 

Then, E 𝑚𝑖𝑛 𝑇௞,௜௦  , 𝐶௞,௜௦ =  𝑆௞௦  𝑡  𝑃 𝐶௞,௜௦ ≥ 𝑡 .
Assume a study-specific parametric model,𝑃 𝐶௞,௜௦ ≥ 𝑡; 𝛾௞௦
Estimation: min   ∑  ௒ೖೞ  ௧ ௡ೖೞ  − 𝑆መ௞௦  𝑡 𝑃 𝐶௞,௜௦ ≥ 𝑡; 𝛾௞௦ ଶ
 𝑌௞௦  𝑡 :the number of at-risk subjects at time t.The sum is taken over the points with  𝑌௞௦  𝑡 reported.𝑃෠ 𝐶௞,௜௦ ≥ 𝑡 = 𝑃 𝐶௞,௜௦ ≥ 𝑡; 𝛾ො௞௦

 𝑌௞௦  𝑡
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Proposed method: dependent follow-up

Dependence between  𝑇௞,௜௦  ஺ா ⊥ 𝑇௞,௜௦  ௙௢௟௟௢௪ is modeled with a 
parametric copula 𝐶టೖ

𝑃 𝑇௞,௜௦  ஺ா ≤ 𝑡, 𝑇௞,௜௦  ௙௢௟௟௢௪ ≤ 𝑡
=𝐶టೖ 𝑃 𝑇௞,௜௦  ஺ா ≤ 𝑡; 𝜃௞ , 𝑃 𝑇௞,௜௦  ௙௢௟௟௢௪ ≤ 𝑡=𝐶టೖ 𝑃 𝑇௞,௜௦  ஺ா ≤ 𝑡; 𝜃௞ , 1 −   𝑆௞௦  𝑡     𝑃 𝐶௞,௜௦ ≥ 𝑡≅ 𝐶టೖ 𝑃 𝑇௞,௜௦  ஺ா ≤ 𝑡; 𝜃௞ , 1 − 𝑆መ௞௦  𝑡   𝑃෠ 𝐶௞,௜௦ ≥ 𝑡
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Proposed method: dependent follow-up𝑝௞(௦) = ∫ 𝑃 𝑇௞,௜௦  ஺ா ≤ 𝑡 𝑇௞,௜௦  ௙௢௟௟௢௪ = 𝑡 𝑑𝐹௞௦ ௙௢௟௟௢௪(𝑡)ஶ଴  
= ∫ ௉( ೖ்,೔ೞ  ಲಶஸ௧   , ೖ்,೔ೞ  ೑೚೗೗೚ೢୀ௧)௉( ೖ்,೔ೞ  ೑೚೗೗೚ೢୀ௧ ) 𝑑𝐹௞௦ ௙௢௟௟௢௪(𝑡)ஶ଴
=∫ ങങೠ஼ഗೖ ௉ ೖ்,೔ೞ  ಲಶஸ௧;ఏೖ ,௨ ቚஶ଴ ௨ୀிೖೞ ೑೚೗೗೚ೢ(௧) 𝑑𝐹௞௦ ௙௢௟௟௢௪(𝑡)

Assume some parametric 
copula

Assume some 
parametric 

survival model

𝑝௞௦  𝜃௞ , 𝜓௞ = ∫ ങങೠ஼ഗೖ ௉ ೖ்,೔ೞ  ಲಶஸ௧;ఏೖ ,௨ ቚஶ଴ ௨ୀଵିௌመೖೞ  ௧   ௉෠ ஼ೖ,೔ೞ ஹ௧ 𝑑 1 − 𝑆መ௞௦  𝑡   𝑃෠ 𝐶௞,௜௦ ≥ 𝑡
Regarding 𝑋௞(௦)~𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑛௞௦ , 𝑝௞௦  𝜃௞, 𝜓௞ ) approximately, 
estimate 𝜃௞ , 𝜓௞  via maximum likelihood. 
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Zuo et al. (2014): A meta-analysis of celebrovascular events for 
patients of various cancer-type treated by Bevacizmab

Application to motivating data

11 studies had KM. Study 3 and 5 had two Bevacizmab groups.

Bevacizmab group: S=13, Control group: S=11
16



n AE
BV 5580 44
CT 4605 10

study Primary
endpoint

Kaplan-
Meier end of follow-up time at risk

data n Difference of 
MST (BV-CT)

1 PFS 〇 PFS+1month 〇 480 4
3 PFS 〇 PFS+1month 〇 1209 3.8
4 OS,PFS 〇 PFS+3month 〇 911 4.4
5 OS 〇 OS × 572 2.1
6 OS 〇 OS 〇 626 0.1
8 OS 〇 PFS+1month 〇 1009 1.1
9 PFS 〇 PFS+1month 〇 212 3.7
12 PFS 〇 PFS+1month 〇 711 5.9
14 OS,PFS 〇 PFS+1.5month 〇 1528 1.7
16 OS 〇 OS 〇 709 0.9
17 OS 〇 OS × 867 2

On average, BV group had  2.7 
month longer follow-up duration.

Application to motivating data
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Application to motivating data

AIC for model-comparison
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Application to motivating data: 
under independent follow-up

BV group CT group

Crude incidence proportion Crude incidence proportion
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Application to motivating data: 
under independent follow-up

𝑃 𝑇௞,௜௦  ஺ா ≤ 𝑡: 𝜃መ௞
with the best model w.r.t AIC

Hazard function

Bevacizmab: log-normal/independent
Control: exponential/independent
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Application to motivating data:
under dependent follow-up

BV group CT group

Crude incidence proportion Crude incidence proportion

M
od

el
-b

as
ed

 in
cid

en
ce

 p
ro

po
rt

io
n

21



Application to real data: 
under dependent follow-up

𝑃 𝑇௞,௜௦  ஺ா ≤ 𝑡: 𝜃መ௞
with the best model w.r.t AIC

Hazard function

Bevacizmab: log-normal/Gumbel
Control: exponential/Gumbel

22



Application to motivating data
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Simulation study(S=13): 
Setting of data generation

Study-level data: 
- Mimicking S=13 studies in Zuo et al. (2014)
- Same sample size of each 13 studies
- Only BV group (k=1)

Individual patient data:𝑇௞,௜௦  〜𝐸𝑋 λ ௦ 𝑇௞,௜௦ ஺ா 〜𝐸𝑋 λ௞஺ா𝐶௞,௜௦  〜𝐸𝑋 λ஼(௦)
λ ௦ was determined by MST in Zuo et al. (2014)λ஺ா: 3 scenarios were considered.λ஼(௦) was randomly assigned. 

Generate IPD and then create 1,000 sets of aggregated data under
(1) Independent follow-up (2)dependent follow-up 
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Simulation study(S=13): 
Setting of data generationλ௞௦ was determined by MST in Zuo et al. (2014)λ௞஺ா: 3 scenarios were considered.λ௞஼ was randomly assigned. 
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Simulation study: 
Setting of data generation

λ௞௦ was determined by MST in Zuo et al. (2014)λ௞஺ா: 3 scenarios were considered.λ௞஼ was randomly assigned. Scenario1λ௞஺ா =0.2×10-2, empirical incidence proportion: 0.023Scenario2λ௞஺ா =1×10-2, empirical incidence proportion: 0.116Scenario3λ௞஺ா =5×10-2, empirical incidence proportion: 0.556
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Simulation study: 
Setting of data generation

(1) Independent follow-up

(2) Dependent follow-up

Copula 𝐶టೖ: Frank, Clayton, Gumbel

Two parameter settings for 𝜓௞
- low dependence: Kendall tau=0.2
- Moderate dependent: Kendall tau=0.5 
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Simulation study: Applied methods

Model for 𝑇௞,௜௦ ஺ா : exponential correctly specified
Copula 𝐶టೖ: independent, Frank, Clayton, Gumbel

Select the best Copula via AIC
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Simulation study(S=13): 
Results for dataset generated under independent follow-up

median (q1/q3)

If correct independent model was fit, exponential hazard for AE was well estimated.

Extra dependence model did not lead poor performance for scenarios 2 and 3.
It could give poor estimates for scenario 1 (rare event case) .
Frank copula might give conservative CP.

AIC selected the true independent structure frequently. 29



Simulation study(S=13): 
Results for dataset generated under dependent follow-up

If event rate was moderate or high (scenario 2 or 3), correctly specified Copula provided 
unbiased estimates of exponential hazard for AE.
For rare events (scenario 1), there might be biases even with correctly specified Copula.
Misspecified copula gave biased estimates.

median (q1/q3)

Correctly specified case30



Simulation study(S=13): 
Results for dataset generated under dependent follow-up

If event rate was moderate or high (scenario 2 or 3), correctly specified Copula provided 
Proper CPs in most cases.

If event rate was small (scenario 1), CP could be anti-conservative.
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Simulation study(S=13): 
Results for dataset generated under dependent follow-up

AIC did not select the correct model frequently.
It likely selected independent copula when event rate was low (scenario 1).
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We also conducted a simulation study with S=30.
Some issues observed with the case of S=13 did not matter with 
S=30. 

Independent follow-up case:
- The proposed method with independent Copula had negligible 
biases and proper CPs.
- Unnecessary specification of dependent Copula might lead biases 
and poor CPs when the hazard of AE was small.

Dependent follow-up case: 
- If the hazard of AE was NOT small, the proposed method with 
correctly specified Copula had negligible biases and proper CPs.
- If the hazard of AE was small, it did NOT hold. 
- If Copula was misspecified, biased estimates were obtained. 

Summary of simulation study
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We proposed a method to estimate the survival function for the 
time-to-AE based on regularly reported empirical incidence 
proportion of AE and Kaplan-Meier for the primary time-to-event 
endpoint. 

Unless the hazard of AE is extremely low, our method works well.

Incidence proportion is a simple and useful measure for the 
analysis of AE.
Care for heterogeneous follow-up durations should be made in 
discussing risk-benefit trade-off among several treatments.

Summary
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The proposed method assumes the survival function of the time-
to-AE was common across studies.
It is important to evaluate heterogeneity among studies.
- Incorporating frailty in AE survival distributions. 

Some improvement  should be made in case of small hazard of AE. 

Bayesian methods or penalized methods would be helpful for 
these issues.

Future work
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Thank you so much for your kind attention!
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Simulation study(S=30): 
Results for dataset generated under independent follow-up

median (q1/q3)

If correct independent model was fit, exponential hazard for AE was well estimated.

Extra dependence model did not lead poor performance for scenarios 2 and 3.
It could give poor estimates for scenario 1 (rare event case) .
Frank copula might give conservative CP.

AIC selected the true independent structure frequently. 37



Simulation study(S=30): 
Results for dataset generated under dependent follow-up

If event rate was moderate or high (scenario 2 or 3), correctly specified Copula provided 
unbiased estimates of exponential hazard for AE.
For rare events (scenario 1), there might be biases even with correctly specified Copula.
Misspecified copula gave biased estimates.

median (q1/q3)

Correctly specified case38



Simulation study(S=30): 
Results for dataset generated under dependent follow-up

If event rate was moderate or high (scenario 2 or 3), correctly specified Copula provided 
Proper CPs in most cases.

If event rate was small (scenario 1), CP could be anti-conservative.
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Simulation study(S=30): 
Results for dataset generated under dependent follow-up

AIC was likely to select the true dependence structure when event rate was not low.
It likely selected independent copula when event rate was low (scenario 1).
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