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An example: constant HR of 0.5

Meaning

At time 0, the risk of the event

in the

first short interval (0,∆ t ] is halved in

the active group relative to placebo.

Thanks to randomisation, this has a

causal interpretation.

Meaning?

At time t > 0, the risk of the event

in the next short interval (t , t + ∆ t ] is

halved in those remaining in the ac-

tive group relative to those remaining

in the placebo group.

But those remaining in the active

group include more frailer participants

than those remaining in the placebo

group.

Randomisation is ‘broken’ by condi-

t ioning on survival to time t .

Meaning?

The two groups get less comparable as

time goes on.
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Example: heterogeneous conditional HRs: Kaplan–Meier
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We can allow for this in the analysis: Cox model with interactions

Fitted model: with interaction

> coxph(formula = Surv(time, status) ≥

treatment * smoking)

Variable Coef SE HR

Active ≠ 0.7667 0.1358 0.4645

Ex 0.8707 0.1111 2.3885

Current 2.0618 0.1037 7.8603

Active:Ex 0.2834 0.1868 1.3277

Active:Current 0.7050 0.1672 2.0239
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Or not: Cox model without interactions

Fitted model: without interaction

> coxph(formula = Surv(time, status) ≥

treatment + smoking)

Variable Coef SE HR

Active ≠ 0.35961 0.06676 0.69795

Ex 0.97554 0.08922 2.65260

Current 2.34952 0.08050 10.48053
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Now an example with homogeneous cond. HRs: Kaplan–Meier
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A model including smoking (no interaction) gives one treatment coef

Fitted model: with smoking

> coxph(formula = Surv(time, status) ≥

treatment + smoking)

Variable Coef SE HR

Active ≠ 0.59883 0.07100 0.54946

Ex 0.89429 0.08911 2.44559

Current 2.08830 0.08243 8.07119
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But so does a model without smoking

Fitted model: without smoking

> coxph(formula = Surv(time, status) ≥

treatment)

Variable Coef SE HR

Active ≠ 0.58906 0.07097 0.55485

—Non-collapsibility (although hardly noticeable here)

—And wrong model

—If PH holds condit ional on smoking, it cannot hold

marginally (and vice versa)
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Can check by comparing with Kaplan–Meier

Comparison

—As it happens, there is very litt le noticeable difference!

—Confirmed by inspecting the period-specific HRs:

—Here is a more extreme example (with a baseline hazard that varies more over time)

—But still (1) no confounding, (2) proportional hazards condit ional on smoking, (3) no

heterogeneity by smoking
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Unadjusted Kaplan–Meier



15/ 18

Unadjusted Cox PH fit
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Estimated period-specific HRs

Remarks

—Unadjusted Cox PH model badly misspecified

—Conditional HR = 0.5, but estimated marginal HR = 0.9: ‘non-collapsibility’

—Even though condit ional HR constant over t ime (and smoking status), estimated

period-specific marginal HRs oscillate between ‘protective’ and ‘harmful’:

!HAZARDOUS! to interpret these!
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