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Bounded above by 1

unbounded below
P1

VE =1
Po
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e Because VE is unbounded below, estimates and confidence
Intervals can take on extreme negative values.

e This occurs when the vaccine group has higher infection rates
or when the number of infections is small.

e Extreme negative values make interpretation difficult, vaccines
often work at the population level, so we need
population-level understanding
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e Berry & Ayers (2006) symmetrized percent change for treatment
comparisons from baseline; improved interpretability without
loss of statistical efficiency

e van der Laan et al. (2007) switch causal relative risk for binary
outcomes in randomized trials with non-compliance

e Baker & Jackson (2018) generalized relative risk reduction in the
context of meta-analyses
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e Provide a bounded, interpretable measure of vaccine effect ranging

from -1 (maximal harm) to 1 (maximal protection)
e Develop inferential methods including profile likelihood and delta
method confidence intervals that have not previously been studied

for this class of parameters.
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When the vaccine is Protect'l\/e, SVE behaves
idcnt’ncally to traditional vaccine eff; icacy
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SVE = 1 — 2
Po

When the vaccine is Protect]\/e, SVE behaves
idcntically to traditional vaccine eff; icacy
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SVE = 20
P1

Negati\/e SNE captures the ProPortiona|
decrease in risk trom not being vaceinated

1
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Each line represents 3 fixed effect size with 20 e\/en|y sPacecJ values from -04s to 095
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Consider a randomized controlled trial

XO Y Binomial(no,pg)
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Consider a randomized controlled trial
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SVE =
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Po — P1
ma’X(pAOva )

Plug in estimator for SNE is obtained by plugging in the empirical
risks & Will be a consistent estimator ot S\E as n,.n—
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There are two cases, each With a one-dimensional maximization over either
P, O P, which can be solved using standard one=dimensional Numerical
optimization a!gorithnr\a
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A(s) = 2{€(Po, p1) — €p(s)}

We can test a null h\/Poth@sis, S\E - s where the likelhood ratio statistic is
defined as twice the 93p between the unconstrained |og ikelhood and the
Proﬁle |og ikelhood at s
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H() : SOVE = s
A(s) = 2{€(po, p1) — €p(s)}

We can test a null h\/Pothes'\s, SVE - 5 where the likellhood ratio statistic is
defined as twice the 93p between the unconstrained log likefhood and the
Proﬂe log likelihood at s
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{s€(=11):A(s) < xi1-a)

\n\/ert'\ng this test 3'\\/65 3 conﬁéence Nterval (the set of values
s that wWould not be rg‘ectecJ at level Q)


https://arxiv.org/abs/2512.07739

SVE + 2, o2 Var(SVE)
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SVE + 2, o2 Var(SVE)
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Pla(% + POU%

Var(SVE) = {max(po, p1)}*
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W/E Zl—a/Q @’(SVE)

One issue is this nterval can exceed the bounds (ie. 90 beyon&
-1 and 1)
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We can use the inverse hyperbol]c tangent to transform the
SVE & then back—transform to force the interval to be between
-1 and 1 ( o@g’mal\y used for correlation))
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S/\/\E ﬁl(ljgﬁo) ifﬁ() >]31,

. . N LeRg}
SVEpc = { SVE — 2U=PUif 5, >
SVE if po = pr

SVE s consistent but 5|19ht|\, biased in small samP|es (Which we
can approximate with 3 second-order Tay|0r exPans]on)
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devtools::install_github(“LucyMcGowan/sve”)
library(sve)

est_sve(xd = 100, x1 = 50, n0 = 1000, n1 = 1000)
#> estimate lower upper level method

#> 0.50 .31 0.64 0.95 Profile
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library(survival)
fit <- coxph(Surv(time, status) ~ vaccination + age +
baseline_risk, data = sim_trial_data)
sve_from_model(model = fit, data = sim_trial_data,
effect_name = "vaccination")
#> estimate lower upper level method
#> 0.68 .59 0.75 0.95 Profile
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