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ALL-IN meta-analysis properties

Type-I error whenever you analyze

• Continuous monitoring 

• Unlimited horizon (no prespecified maximum sample size)

• Possibly 100% power

• Live meta-analysis (update after each new observation)

• Effortless cumulative meta-analysis (unlimited number of trials)
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ALL-IN meta-analysis

• Meta evidence by multiplying study e-values

• Type-I error control under continuous monitoring
and any decision to start, stop or expand studies

• Evidence against 
the global null (= no risk difference in any study)
contribution by any study with hazard ratio < 0.8



e-values and Ville’s inequality
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𝑖=1
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is also an e-value for 𝑛 events
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1

𝛼
for some  𝑛 ) ≤ 𝛼
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What are we assuming? Points for discussion

Heterogeneity

• I believe we should not be testing whether some mean of true 

effects is 0, but whether all are 0 (global null)

Simplicity

• Likelihood ratios are easy to interpret, 

if you can specify an effect size of minimal clinical relevance

• If you do not want to focus on such decision making 

(one vs the other hypothesis) go for estimation

-> be prepared to need more trials

Anytime-valid confidence sequences

• We follow Peto in this regard: e.g. ‘typical hazard ratio’ interval

• Future work confidence sequences based on random-effects model
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