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Appendix AO: single-dose approach assuming Exponential distribution of baseline
hazard, t < t,

Survival times after a single dose are simulated by inverting the cumulative hazard function for
Cox models with an Exponential baseline hazard, ho(t) = A, following similar steps described in

Austin (2012).
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If t < tg, the cumulative hazard function is equal to
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Consequently, the inverse cumulative hazard function is

- 1 Bv

Therefore, t actually follows the Gompertz distribution with a scale parameter of A exp(n'x)

and a shape parameter of 8. Therefore, if ¢t < t,, the event time can be generated as
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where u is the realization of a U(0,1) random variable.
A1: single-dose approach assuming Weibull distribution of baseline hazard
The log of the Weibull hazard function is linear in log(t) and the hazard function can be written

as ho(t) = Myt7~1. Hence, the cumulative hazard function becomes

H(t|z,2(t)) = /0 Myt exp(Bz(u) +n'z) du.
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If t < ts, the cumulative hazard function is equal to

H(t,x,2(t)) :/0 Myu?t exp(Bz(u) + n'w) du
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Consequently, the inverse cumulative hazard function is

H (o) = -5 [v, s+ T(0)

where I'~1(«, f(z)) represents the inverse upper incomplete gamma function. Therefore, an event

time can be generated as
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where u is the realization of a U(0, 1) random variable.

If t > t,, the cumulative hazard function is equal to

t

2 t
Myu? ™ exp(Bu 4 n'x)du + / Ml exp(Bts 4+ n'x)du
ts
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Consequently, the inverse cumulative hazard function is
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Therefore, an event time can be generated as
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where u is the realization of a U(0, 1) random variable.

A2: single-dose approach assuming Gompertz distribution of baseline hazard
The log of the Gompertz hazard function is linear in t and the hazard function can be written

as ho(t) = A exp(at). Hence, the cumulative hazard function becomes
¢
H(t|z, 2(t)) = / A exp(au) exp(Bz(u) + n'x) du.
0
If t < ts, the cumulative hazard function is equal to
¢
H(t,z,2(t)) = / A exp(au) exp(Bz(u) +n'z) du
0
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0
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Consequently, the inverse cumulative hazard function is
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Therefore, an event time can be generated as
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where u is the realization of a U(0,1) random variable.

If t > ts, the cumulative hazard function is equal to

H(t,z,2(t)) = /0 A (B4 a)u+n') du+/t A exp((B+ a)ts +n'z), du

s

(exp((B+ a)te) — 1) + (¢ — ) exp((ﬂJra)ts))

=X exp(n'z) <ﬁ —a

Consequently, the inverse cumulative hazard function is

Hﬁl(v) _ v 1- eXp((ﬁ + a)ts)
X exp((B+ )t +n/a) (B +a) exp(B + a)ty)

+ ts.
Therefore, an event time can be generated as

T = —log(u) 1 — exp((B+a)ts)
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where u is the realization of a U(0,1) random variable.

A3: multiple-dose approach assuming imperfect infusion adherence

In a multiple-dose setting, perfect adherence to the 8-weekly infusion schedule is not always
assured. If the “zero-protection” threshold ¢, is smaller than a dosing interval, then modifications
of the derivations covered in Section 2.2.2 are needed when the next infusion occurs after ¢ has
passed.

As stated in Section 2.2.1, in a single-dose setting, for ¢ > t,, the cumulative hazard function
is equal to

(80, 5(0)) = 22 exp(50) — 1]+ Nexpla)(t — ) exp( ).
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And, an event time can be generated as

_ —log(u) 1 — exp(Bts)
- Xexp(Bts+n'z)  Bexp(Bts)

Tt if

Aexp(n'z)

3 [exp(fts) — 1], (0.5)

— log(u) >

where u is the realization of a U(0,1) random variable.
As stated in Section 2.2.2, in a multiple-dose setting, for t; < t < tx41,k = 1....,m — 1, the

cumulative hazard function is equal to

k

H(t,z, 2(t) = %exp(n’x) [Z exp(B(t; —t;_1)) + exp(Bt — Bti) — k] )

=2

And, the event time can be generated as

= %log <exp(ﬂtk) (iexlgix Zexp t —tifl)) +k>>, if

where,

a= fexpnx <Zexp t_ti—l))_(k_1)>7
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and, v is the realization of a U(0,1) random variable.
Now consider tj, +t, <t < tp,1 in a multiple-dose setting, where all infusions up till the k"

perfectly adhere to the 8-weekly schedule. The cumulative hazard function is equal to

t
0

H(t, 2, 2(t)) = / exp(Bz(w) + 1 z)du

2(
= \exp(n'x)
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k
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And, the inverse cumulative function is

ﬁexpl(ﬁt ) (Aexp (') ZGXP Bt —ti—1)) — exp(Bts) + k) it + b

H Y u) =

Therefore, an event time can be generated as
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k
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and, v is the realization of a U(0,1) random variable.

If more infusions continue to be given after a violation of the infusion schedule, and t5, <

t <tgyn+ts and ty <t +ts < tgpy1, then the cumulative hazard function is equal to
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+ exp(Bt — Btiyn) + B(tkr1 — ts — tg) exp(Bts) + exp(Bts) — (k+n)|.
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And, the inverse cumulative function is
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Therefore, an event time can be generated as
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and wu is the realization of a U(0,1) random variable.
The strategies described above can be extrapolated to settings where multiple violations to

the regular infusion schedule occur.

A4: illustration of the single-dose and multiple-dose approaches with alternative

sample sizes, complementing Figures 2 and 3 in the main text.
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Figure 2-supplement: Distributions of simulated event times since prior infusion

(Panel A) and cumulative hazard of HIV infection since the first infusion (Panel B)
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under imperfect study adherences in AMP-like trials. The single-dose approach is used in
these simulations of 1000 trials, each with a total of n = 2100 participants randomized to receive
ten 8-weekly infusions of 10 mg/Kg VRCO01, 30 mg/Kg VRCO1 or placebo in a 1:1:1 ratio. The
high and medium adherence scenarios assume 2% and 10% of infusion visits missed, respectively.
Additional assumptions are as follows: annual HIV incidence rate = 4% in the placebo group,
B = 0.03 or HR= 2.32 per-28 days for both VRCO01 dose groups, and zero-protection concentration

threshold s = 5 mcg/mL.
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Figure 3-supplement: Cumulative hazard of HIV infection within each infusion in-
terval following ten 8-weekly IV infusions of VRCO01 under perfect study adherence
in a simulated trial of 1400 VRCO1 recipients. Red lines are for 8 = 0.01 or HR = 1.32

per-28 days; blue lines are for § = 0.03 or HR= 2.32 per-28 days.
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