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Holly Janes

Vaccines have played an important role in the public health response to the COVID-19
pandemic. Clinical trials for several candidate vaccines demonstrated high efficacy at pre-
venting severe / symptomatic disease. These vaccines have helped lower the burden of disease
in the countries where they have been widely distributed (e.g., United States). The next
generation of COVID-19 vaccine trials are designed to evaluate other vaccine effects (e.g., ef-
ficacy against infection). Understanding and quantifying how vaccines affect infectiousness is
important for making sound public health policy, and analyzing such effects in a clinical trial
requires selecting an appropriate endpoint and vaccine efficacy parameter. Many analyses
of vaccine effects on infectiousness condition on infection (e.g., comparing infected vacci-
nated people to infected unvaccinated people), but conditional analyses have shortcomings.
Most glaringly, they can lack power when efficacy against infection is high and may suffer
from post-randomization selection bias. An alternative approach is to explore endpoints and
vaccine efficacy parameters that do not condition on infection (i.e., unconditional analyses).

In this thesis, we define and discuss multiple methods for unconditional analyses of vaccine
effects on infectiousness. As these methods commonly rely on proxies of infectiousness rather
than directly observed secondary transmission, we also discuss several infectiousness proxies
derived from measures of viral shedding. Finally, we use simulations to demonstrate the
operating characteristics of a number of these methods and infectiousness proxies in a clinical

trial whose design is based on an ongoing COVID-19 vaccine trial.
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Chapter 1

INTRODUCTION

Since its discovery in late 2019, the disease COVID-19, caused by the virus SARS-CoV-2,
has spread around the world, killing more than 3.5M people as of June 2021. As a result
of the rapid spread of the disease, high case-fatality and hospitalization rates, and lack of
effective therapeutics, countries around the world enacted policies to slow the spread of
the disease. COVID-19 morbidity varies substantially by age, with infection fatality rates
(IFRs) ranging from 0.05% for 17-49 year-olds to 9% for people 65+[1]. Asymptomatic
infection further complicates studies of COVID-19 — an estimated 30-40% of total infections
with SARS-CoV-2 are asymptomatic, though again estimates vary quite widely as rates of
asymptomatic infection may also depend on age and the presence of comorbidities [2, 3, 4,
5, 6]. While current research indicates asymptomatic individuals are slightly less infectious
than symptomatic individuals [7, 8, 9], asymptomatic infection still occurs with moderate

frequency.

Given the high burden of mortality, pressure placed on hospital systems around the globe,
and resources required to track asymptomatic infection, the first generation of COVID-19
vaccine trials focused on demonstrating vaccine efficacy at preventing severe or symptomatic
COVID-19. Several candidate vaccines demonstrated high efficacy at preventing such disease
(10, 11, 12, 13]. Following approval from drug regulators, these vaccines were distributed
around the world. Initial data from observational studies indicated that the vaccines may
also be highly effective at preventing all infection [14, 15, 16]. However, the extent to which
these vaccines affect secondary transmission is still unknown. Understanding the effect of
vaccination on secondary transmission from is vital for public health policy (e.g., should

vaccinated people be required to wear masks) and for encouraging vaccine uptake. Answering



this outstanding question is a priority in the next generation of COVID-19 vaccine trials.

Demonstrating a vaccine effect on secondary transmission requires selecting an appropri-
ate vaccine efficacy parameter for analysis, as a wide range of types of vaccine effects have
been parameterized and can be estimated in clinical trials. We go into detail on defining
some of these vaccine effects in Chapter 4. Vaccine effects on secondary transmission are
frequently assessed via the vaccine efficacy for infectiousness (V E;) parameter. Importantly,
V Er assesses the vaccine effect conditional on infection (i.e., comparing the infectiousness of
infected vaccinated people to infected unvaccinated people). As a result, V E; may under-
state vaccine effects on secondary transmission in settings with high vaccine efficacy against
acquisition (V Eg) where few vaccinated people are infected and thus most vaccinated people
never have an opportunity to transmit the disease onward.

In order to better understand vaccine effects on transmission, the next generation of
COVID-19 trials will assess V' E; by tracking close contacts of infected participants to identify
secondary transmission events. However, such an approach is highly resource-intensive and, if
the vaccine involved is even moderately effective at preventing acquisition, may lack power as
a result of a low number of primary infection endpoints among vaccinated trial participants.
Additionally, in the SARS-CoV-2 setting (unlike, say, the HIV setting), it can be difficult to
identify the direction of transmission with certainty (i.e., it can be difficult to tell who infected
who), further lowering the number of confirmed secondary transmission events from trial
participants. In vaccine trials for other pathogens, researchers have instead (or additionally)
assessed vaccine effects on infectiousness proxies (e.g., viral shedding). Human and animal
models for many viral pathogens (e.g., SARS-CoV, influenza, HIV-1, HSV2, CMV) have
shown strong correlations between viral shedding and infectiousness [17, 18, 19, 20, 21],
which is often referred to as the dose-response model. Epidemiological and math modeling
work focused on SARS-CoV-2 and transmission have also demonstrated a correlation between
viral load (VL) and infectiousness[22, 17].

When using VL as a proxy for infectiousness, we frequently rely on summary measures of

viral shedding related to the nature of infectiousness. A number of post-infection measures



of viral shedding that are functions of VL have been used in previous clinical trials, including
peak VL, area under VL curve (AUC), and duration of viral shedding. We go further into
detail on the definitions and rationale for each of these summary measures in Chapter 2.
Choosing an appropriate infectiousness proxy endpoint is primarily a question of scientific
interest (e.g., which endpoint correlates with the best understanding of the relationship
between VL and infectiousness), though this decision may also involve statistical concerns
(e.g., which endpoint has lower variability).

After settling on a proxy for infectiousness, we must also choose an appropriate statistical
method for analyzing the vaccine effect on the proxy. We go into detail on these statistical
methods in Chapters 5 through 7. As with V E;, many methods for analyzing vaccine effects
on infectiousness proxies condition on infection. However, post-randomization selection bias
can affect such inference, and so causal inference methods are frequently employed. Several
possibilities exist for unconditional analyses (e.g., that do not condition on infection), which
can avoid issues with post-randomization selection bias, such as the chop-lump test [23],
Lachenbruch two-part test [24], and other two-part tests [25]. These tests can be well-powered
to detect vaccine effects on either acquisition or on a post-infection endpoint. However, they

do not offer an estimate of the effect size (or corresponding confidence intervals).
1.1 Objective

In this paper we explore what we call the ”transmission potential” endpoint, an associated
vaccine efficacy parameter, and methods for estimation / inference based on the product
method from Follmann et al [26]. Though we discuss it in the context of VL summary

measures, this approach is generally applicable to proxies of infectiousness.



Chapter 2
VL SUMMARY MEASURES

SARS-CoV-2 viral RNA can be isolated from a variety of samples from infected patients
(e.g., saliva, nasopharyngeal, fecal). These swabs are analyzed via quantitative PCR (qPCR),
which (by way of a standardized sample) can be used to estimate the viral load (VL) (e.g.,
number of copies of viral RNA per mL of sample). We may represent VL on either the
absolute or the log scale. Since SARS-SoV-2 is primarily transmitted through respiratory
droplets, we most commonly use VL as measured in nasopharyngeal swabs. For chronic
infections where viral load stabilizes after a period of acute infection (e.g., HIV), it is possible
to utilize viral load as a proxy for infectiousness (e.g., VL set point for HIV)[27]. In the
context of short-term infections where VL is highly variable over the course of infection, like
with SARS-CoV-2, we instead tend to utilize a summary measure of VL over the course of
infection. In this chapter, we define a number of VL. summary measures that can be used and
provide rationale for each. Where relevant, we also highlight previous uses of each summary
measure in studies of infectiousness.

We consider these summary measures in the context of a randomized clinical trial, where
some proportion of participants is assigned to receive the vaccine and the remainder is
assigned not to receive the vaccine (e.g., receives placebo, delayed vaccination). Let Z be
treatment assignment such that Z = 0 for unvaccinated participants and Z = 1 for vaccinated

participants. Let V;(s) be the viral load for subject ¢ in group z at time since infection s.

2.1 Peak VL

Perhaps the most commonly used summary measure for analyzing VL in acute infections

is the peak VL, which is the highest VL over the course of infection. The likelihood of



transmission has been shown to be highly correlated with the viral dose at exposure for a
range of pathogens either directly or through epidemiological models (i.e., the more virus
a susceptible person is exposed to, the more likely they are to be infected). Though viral
dose at exposure depends on several factors (e.g., proximity during exposure, length of
exposure), peak VL corresponds with the point at which onward transmission is most likely,
controlling for these other factors. As a result, a higher peak VL generally corresponds
with greater infectiousness. Such relationships have been studied in CMV [19, 18], HHV6
[19], and HIV[28]. Additionally, a dose-response relationship has been found in research in
the transmission of SARS-CoV/[29]. Vaccine effects on peak viral load have been assessed
in clinical trials on a range of pathogens in both humans and animals, including HIV [30],
simian HIV [31], and ebola [32].

Additionally, math modeling efforts analyzing SARS-CoV-2 transmission events have
found an association between the periods of highest VL and the periods of highest transmis-
sion [22], and demonstrated that a vaccine which reduces peak VL would lead to a substantial
reduction in total transmission [33]. Other work has indicated that the duration of infec-
tiousness in SARS-CoV-2 infections is fairly short and corresponding with the time around
peak VL [34]. Additionally, real-world data collected while vaccines were initially rolled
out indicated at least one of the approved SARS-CoV-2 vaccines might lead to lower VL in
infected patients[35].

Though general and SARS-CoV-2 specific evidence support peak VL as an appropriate
proxy for infectiousness, it is not without its weaknesses. In particular, it fails to capture
information about duration of periods of high VL, which can drastically impact the amount
of transmission. For example, a person who returns from peak VL to no shedding very
quickly is less likely to infect others than someone who continues to shed at 90% of their
peak VL for several days. An analysis that focuses only on peak VL could lead to misleading
conclusions about infectiousness. Futhermore, practical realities of clinical trials make it
difficult to reliably capture peak VL, especially with pathogens such as SARS-CoV-2 where

VL is believed to peak before symptom onset. Parametric approaches can be used to estimate



peak VL if it is not captured in the study period, but such model-based estimates can be
difficult to validate.
Let peak VL be V2 such that:

VE = sup {V.(s)}

21
0<s<00

2.2 Duration of shedding

Another commonly used VL summary measure is duration of shedding. Duration of shedding
has a clear correlation with infectiousness — in order to infect others one must be shedding
some amount of live pathogen, so the end of shedding corresponds with the end of any
possibility of infectiousness. As with peak VL, duration of shedding has been used for
a range of other infectious diseases, including influenza, [36, 37], HSV-2 [38], and MERS
(34, 39, 40]. Vaccine effects on duration of shedding have also been assessed for several
human and animal pathogens, including influenza [37], polio[41], porcine reproductive and
respiratory syndrome virus (PRRSv) [42], and E. coli [43].

Because of the association between shedding and the possibility of infectiousness, duration
of shedding has been well studied in SARS-CoV-2 infections[44, 34, 45, 39]. Duration of
shedding was particularly important for determining appropriate public health policy during
the SARS-CoV-2 pandemic, as understanding the duration of shedding was critical for setting
isolation guidelines for infected people to minimize onward transmission. Understanding the
vaccine effect on duration of shedding is critical for updating public policy to remain relevant
in a post-vaccination world. For example, if a vaccinated person were to be infected, how
long they should isolate to avoid infecting others. Estimating duration of shedding might
require less frequent sampling than peak VL, though less frequent sampling also increases
the impact of interval censoring on the estimation of duration of shedding.

Duration of shedding also has substantial limitations as a proxy for infectiousness. First
and foremost, the qPCR tests that are used to detect viral shedding for SARS-CoV-2 infec-

tions detect viral RNA instead of live virus. Someone who is shedding viral RNA but not live



virus is not infectious, and thus looking at the duration of shedding estimated by qPCR may
not be informative. Furthermore, even if tests were able to distinguish between shedding live
virus and viral RNA| long periods of low levels of viral shedding may not correspond with
infectiousness (e.g., if infected people need to be shedding at or above some level in order to
be infectious). To combat this, some researchers have considered duration of shedding above
a threshold V', which ideally would correspond with the VL threshold above which onward
transmission is more likely.

Let duration of shedding be D.; such that:
D.; =inf{s: V,(r) = 0Vr > s}
and let duration of shedding above viral threshold V' be D,;(V') such that:

D.;(V) =1inf{s : V,;(r) < VVr > s}
2.3 Area under VL curve (AUC)

Yet another possible summary measure of VL is the area under the viral load curve (AUC).
Heuristically, AUC measures the total amount of virus shed over the duration of infectious-
ness. This combines information about both the duration and magnitude of shedding, and
as a result AUC combines some of the strengths of the previous two measures. Specifically,
AUC is most heavily influenced by the periods of high viral shedding where infectiousness is
the highest. However, unlike peak VL, AUC also captures information about the duration of
the periods of high VL. Like duration of shedding, AUC is influenced by periods of low-level
shedding that may not correspond with infectiousness, but these periods have less influence
on the summary measure. AUC has been used to study viral dynamics in a variety of viral
infections, including RSV[46], CMV[47], and HIV[48]. However, in the SARS-CoV-2 setting,
AUC has high variability [49], and requires frequent surveillance sampling to be captured
accurately.

Let AUC be AUC,; such that:

0



2.4 Truncated / threshold AUC

AUC can also be modified to limit some of the downsides related to capturing periods of
low-shedding towards the end of infection. By truncating AUC at a point in time (e.g.,
AUC in first week of infection) and / or calculating AUC above some VL threshold V', we
can capture information about the magnitude and duration of the periods of highest VL
without capturing information about the less-infectious periods of lower shedding. This can
be especially beneficial when such periods actually correspond with shedding viral RNA
instead of live virus. However, such a summary measure is dependent on the threshold and
/ or the truncation time, which can be difficult to specify in advance without substantial
knowledge about the relationship between VL and infectiousness.

Let r be the truncation time and V be the threshold VL. Then let AUC above VL
threshold V' truncated at time r be AUC,;(r, V') such that:

AUC,;(r, V) = / (V.i(s) — V)ds
0
2.5 Transmission Potential

For each of the above summary measures, many analysis methods condition on infection
(i.e., comparing VL summary measures between vaccinated and unvaccinated people who are
infected). However, as mentioned previously, these conditional methods have shortcomings
that can be particularly glaring in high efficacy against acquisition settings. For example,
conditional analysis would not include the vaccine effect on viral shedding as a result of
preventing infection, and thus may understate / misrepresent the overall vaccine effects.
An unconditional endpoint would maximize power to detect vaccine efficacy in high efficacy
settings since it includes both infected and uninfected participants, and would not be subject
to post-randomization selection bias. Such an endpoint has been used in the study of HIV
vaccines [26].

In Sections 3.2.1 and 3.2.1 we provide detailed definitions of the transmission potential

endpoint for a generic infectiousness proxy, for which we could use any of the above VL



summaries.
2.6 Time to VL above threshold

When assessing vaccine effects related to time to events, the event of interest may be some-
thing other than infection (e.g., symptomatic / severe disease in first generation COVID-19
vaccine trials). These events are frequently related to disease progression or infectiousness.
One such event which has been used in HIV vaccine research [50] is time to viral load cross-
ing a VL threshold V. In HIV, where viral load is closely tied to disease progression and
infectiousness, it is obvious why such an endpoint is of interest. Such an endpoint could also
be of interest for SARS-CoV-2 patients for a variety of reasons. Suppose it is discovered that
SARS-CoV-2 infected people are highly infectious when their VL exceeds some threshold
V', and not very infectious otherwise. Or, suppose that VL exceeding V is an important
clinical milestone. Then the vaccine effect on VL crossing V' would clearly be an impor-
tant indicator of its effect on infectiousness or disease progression. As with transmission
potential, this endpoint could be analyzed unconditionally, and thus would not be subject
to post-randomization selection bias.

There are some clear downsides to using such an endpoint. Specifically, analyses will
depend on the threshold chosen, which, as in 2.4, may be difficult to specify in advance.
Additionally, such an endpoint does not capture any information about VL after crossing the
threshold (e.g., duration, overall magnitude). Finally, depending on the threshold, analysis
of such an endpoint may have low power in trials powered for analysis of any infection. We

carefully define time to VL above threshold in 3.2.2.
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Chapter 3
DATA STRUCTURE AND ENDPOINT DEFINITIONS

3.1 Data Structure

As before, we consider data generated in the context of a randomized clinical trial, where
some proportion of participants is assigned to receive the vaccine and the remainder is
assigned not to receive the vaccine (e.g., receives placebo, delayed vaccination). Let Z be
treatment assignment such that Z = 0 for unvaccinated participants and Z = 1 for vaccinated
participants. Let there be n, subjects in each treatment group. Let T); be the time to the
event of interest. In much of this paper, the event of interest is infection. However, we will
use different events of interest (e.g., severe / symptomatic disease, VL crossing threshold V)
where noted. In this formulation, the timescale for T ; can be either study time or calendar
time. Assume that T); are independent, identically distributed within each group defined by
Z and that the two groups are independent of one another. Let 7 be the landmark time of

interest.

Let f.(t) = limag o258 he the pdf of Ty and S,(t) = P(Th; > t) = [~ f.(t)

be the survival function of T,;. Let h,(t) = lima; o P(tSTZKZ;At‘T”zt) = f;((?) be the hazard

function of T,;. When noted, we assume a proportional hazards model (h(t) = ho(t)e??). We
also denote the cumulative hazard function for T%; as H,(t) = f(f h.(s)ds and the cumulative
incidence function for T, as F,(t) = f(f f2(s)ds

Let V.;(s,T.;) be the viral load for subject ¢ in group z at time since infection s. We
assume that V,;(s,T,;) are independent, identically distributed within each group defined by
Z. When noted, we will also assume that V;(s,T,;) is independent of T}; (i.e., viral load
trajectories depend only on time since infection, not time of infection). When making this

assumption we will simplify V;(s, T%;) to V.;(s)
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3.2 Endpoint definitions

3.2.1 Transmission potential

We will now define the endpoint we refer to as the ”transmission potential: endpoint. Heuris-
tically, transmission potential represents the idea that uninfected individuals cannot transmit
infection onto others, while infected individuals have some level of infectiousness that can
be represented via a proxy. Our aim is to define instantaneous and cumulative versions of
vaccine efficacy parameters for transmission potential (analogous to instantaneous and cu-
mulative versions of vaccine efficacy for susceptibility, which we define in 4.2). In order to
do that, we define instantaneous and cumulative versions of the transmission potential end-
point. The cumulative version of transmission potential represents the level of infectiousness
a person has reached at any time before threshold time 7, while the instantaneous version

of transmission potential aims to characterize the instantaneous level of infectiousness.

Cumulative transmission potential

Let X,; be a post-infection proxy of infectiousness (e.g., one of the summary measures from
2). We assume that X,; is independent of T,; (i.e., infectiousness is independent of time of
infection). We construct the cumulative version of the transmission potential endpoint so
that, once a person is infected, their infectiousness proxy becomes constant. Let cumulative

transmission potential observed at landmark time 7 be X*(7) such that:

Xzi Tzi S T
XS (1) = (3.1)
0 T, >T

In other words, the cumulative transmission potential endpoint is a piecewise constant

function with a change point at the time of infection.
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Instantaneous transmission potential

Defining instantaneous transmission potential requires a little more care to account for the
nature of infectiousness. Let X,;(s,T%;) be the value of some post-infection proxy of in-
fectiousness at time since infection s among an individual infected at time T,;. Here we
make the assumption that X,;(s,T};) is independent of 7,; and we can simplify X;(s,T%;) to
X.i(s). We then define instantaneous transmission potential at time ¢ for a person infected

at time T.; to be X*(¢,T,;) such that:

Xzz(t - Tzz) Tzi S t
XL, ) = (3.2)

0 T, >t
Since T; is fixed for individual 4 from group z, we can also write X*(¢,T.;) as XI*(t).
The instantaneous transmission potential endpoint lends itself more naturally to time-varying

proxies for infectiousness (e.g., VL) rather than summary measures (e.g., VL. AUC).

3.2.2 Time to VL above threshold

As mentioned in 2.6, in some cases the event of interest is not infection, but rather VL
crossing some threshold V. Let T,;,(V) represent the time until VL exceeds V', which we
define to be:

T.:(V) =T, +inf{s: supo<,<sV.i(r) >V} (3.3)

Let R.;(V) = inf{s: supo<r<sVsi(r) > V} for future notation.

We will use the typical time-to-event functions (see 3.1) for 77;(V'), with the addition
that each function is now a function of both ¢ and V| instead of only ¢. Let S.(¢,V') be the
survival function, h, (¢, V') be the hazard, and f,(¢,V) be the pdf for T,,(V'). Also let H.(t,V)
be the cumulative hazard function and F (¢, V') be the cumulative incidence function. When

indicated, we assume a proportional hazards model (i.e., h.(t,V) = ho(t,V)e?(V)?).
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We have already assumed that T); is i.i.d. within groups. When we also assume that the
distribution of V;(s) is i.i.d. within groups, it is clear that 7.;(V) is i.i.d. within groups.
We note that, in order for VL to cross some threshold V', a person must first become

infected. So we can re-write the cumulative incidence function as:
F(t,V) = P(I(V) < t) = P(T% + R.i(V) < 1)
=P(T; <tNRu(V) <t —Ty)
=P(T,; <t)P(R.(V) <t —T,|T,; <t)

= F.()P(R.(V) <t — Tui|Toi < t) (3.4)
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Chapter 4
DEFINING VACCINE EFFICACY PARAMETERS

4.1 Introduction to vaccine effects

Vaccines may affect recipients in a number of ways, from preventing infection to lowering the
severity of disease to shortening the duration of infection. When considering such effects,
we may be interested in vaccine effects conditional on infection (e.g., does a vaccine prevent
people from developing severe disease, given they have been infected) or unconditional on
infection. So that we can assess these types of vaccine effects in a systematic way and conduct
proper statistical inference, we must clearly define and label different vaccine effects. We
start this chapter by introducing and defining a number of commonly used vaccine effect
parameters, largely drawing on definitions from Halloran et al [51]. We utilize the data

structure and definitions from Chapter 3. In general, these vaccine effects take the form:

VE=1-RR (4.1)

where RR is some ratio of outcomes between vaccinated and unvaccinated groups. We
will then define vaccine efficacy parameters for the transmission potential endpoints from
Sections 3.2.1 and 3.2.1 and the time to VL above threshold V' from section 3.2.2. These

vaccine efficacy parameters will also take the form shown in Equation 4.1.
4.2 Vaccine Efficacy for Acquisition

We often want to assess whether a vaccine prevents people from being infected with a
pathogen. This vaccine effect has been referred to be several names, including vaccine effi-
cacy for acquisition, vaccine efficacy for susceptibility, and vaccine efficacy for infection. We

opt for the former and denote it as V Eg.
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As described in Halloran et al [51], V Eg can be parameterized via cumulative incidence
or instantaneous hazard. These distinct parameterizations are commonly referred to as
cumulative and instantaneous V Es, respectively. We denote them as VES (1) and V EL(t),
where cumulative V Eg is evaluated at landmark time 7 and instantaneous V Eyg is evaluated
at time t. For this parameter, our event of interest is infection (i.e., T,; represents time to

infection). Then the vaccine efficacy parameters are defined as:

B 1 —Si(1)
Fo(t) 1 — So(7)
VE(t)=1— Z;—g

Under the proportional hazards assumption, these reduce to:

1 — Sy(r)*’
1 — S()(T)

VE{(t)=1-¢’ =VE]

VES(r)=1—

VES(T)=1-—

We briefly mention estimation techniques for VES (1) and VEL(¢) in 6.1.

4.3 Vaccine Efficacy for Disease

In other cases, especially for pathogens such as SARS-CoV-2 where asymptomatic infection
is common, it may be of greater scientific interest to assess whether a vaccine prevents people
from developing disease rather than only looking at whether the vaccine prevents infection.
In fact, assessing such a vaccine effect was the primary goal of the first generation of COVID-
19 vaccine trials. This type of vaccine effect is commonly called vaccine effect on disease, and
is denoted as V Ep. As with V Eg, we can define both instantaneous and cumulative V Ep,
which we denote as VES(7) and VEL(t). In this case, our event of interest is development
of severe / symptomatic disease (i.e., T,; is the time to severe / symptomatic disease). Then

we can define the two forms of VEp to be:

VES(T)=1—
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hq(t)
 ho(t)

Under the proportional hazards assumption, these reduce to:

VELl) =1

1— So(r)*’
C1— So(7)

VEL(t)=1-¢€’ =VE]

VES(r) =1

We briefly mention estimation techniques for VES(7) and V EL(t) in 6.1.
4.4 Vaccine Efficacy for Infectiousness

We may also be interested in whether vaccines limit secondary transmission after infection.
This type of vaccine effect is commonly called vaccine efficacy for infectiousness (V Er), and
it is conditional on infection. Let p, be the transmission probability from a single exposure
event between an infected person from group Z and a susceptible person. Then we can define
V Er in terms of this transmission probability:

VE, =1-2

Po
In practice, p, is difficult to assess, as gathering information about individual exposure

events is resource-intensive and exposure events are frequently heterogeneous in terms of size
of exposure. For example, when considering SARS-CoV-2 exposure, an hour sitting indoors
next to an infected person is a much larger exposure event than fifteen minutes standing
outdoors more than 6 feet away from an infected person. So, it is common to define V E;
in terms of the number of infections per susceptible contact (susceptible person who meets
exposure criteria), also called the secondary attack rate (SAR). Let SAR, be the secondary
attack rate in group z (i.e., the probability that a susceptible contact exposed to an infected
person from group z is infected). Then we can define V E; in terms of the secondary attack

rate:

SAR,
SARy

VE =1-—
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4.5 Vaccine Efficacy for Transmission Potential

We now define both cumulative and instantaneous vaccine efficacy for transmission potential

(V Erp). Both take the form of ratios as shown in Equation 4.1.

4.5.1  Cumulative vaccine efficacy for transmission potential
Definition

Let cumulative vaccine efficacy for transmission potential evaluated at landmark time 7 be

V ES,(7) such that:

EIX$()|Z = 1]

21

VER () =1 ERGmIZ =0

For later use, we denote

AgP(T) =1- VE%P(T)
and

q)gP(T) = 10g(AgP(7))
Simplification

With appropriate simplifying assumptions, it is possible to simplify V ES,(7) substantially.
Even before making such assumptions, we can simplify E[XS*(¢)|Z = 2] via the law of total

probability.
PIXG (12 = 4 = BEXS ()2 = = 1. =]
- / EIXGN(T)1Z = 2, T = | P(T = |2 = z)dt
0
_/ E[XSH(T)|Z = 2, Ty = t]f.(t)dt
0

_ / " BIXCH(0)|Z = 2T = 1. (t)dt + / T BIXG ()2 = 2 T = ). (t)dt
0 T
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By equation 3.1, this becomes
_ / EIX|Z = 2 Tt = 8]£.(8)dt + 0
0

f2(t)
F.(7)

= / E[Xzz’Z = ZaTzi = t]fz<t’Tzz S T)Fz<7—)dt
0

= / E[X.|Z = 2,T.; = t] F.(r)dt
0

= FE[X,|Z =2,T,; <T1|F.(T)
We can thus write VES,(7) as:

Fy(1) BE[X4|Z =1,T.; <7

VES,(1)=1—
7r(7) E[XS*(1)|Z = 0] Fo(7) E[X.]Z =0,T,; < 7]

(4.3)

Also note that
Fy(1) E[X,|Z =1,T,; < 7]
Fo(T) E[XZl‘Z = O,Tzi S T]

AgP<T) =
And

Fi(r
(1)

~—

Ep () = log(

) +log(E[X.|Z =1,T,; <71]) —log(F[X.i|Z =0,T.; <7])

=

Expression in terms of other vaccine effects

Returning to VE$,(7), we can see that:

Fi(1) E[X,|Z =1,T,; < 7]
Fo(t) B[X.4|Z =0,T.; < 7]

E[X4|Z =0T, <7 - E[X.|Z=1T, <7
B E[X.|Z=0,T.; <7

VEfp(T) =1~

=1-(1-VE§(r)(1 ) (4.4)

If we denote the vaccine-induced reduction in mean X at time 7 to be
0$(1) = B[Xu|Z = 0,T0 < 7] — E[X.,|Z =1,T,; < 7]

Then equation 4.4 becomes:

0% (7)

VE§p(r) = 1= (L= VSO = prz oo =ay) (1.5)
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where it becomes clear that VE$,(7) depends on both VES(7) and the proportional
reduction in the mean infectiousness proxy, conditional on infection at / before 7.
4.5.2 Instantaneous vaccine efficacy for transmission potential
Definition
We denote instantaneous vaccine efficacy for transmission potential evaluated at time ¢ as

VELL(t). Let VELy(t) be:

BX(1)]Z=1]
EIXE(1)|Z = 0]

VELo(t) =1~ (4.6)

For later use, we denote

A’{FP(t) =1- VE%“P@)
and

Orp(t) = log(Azp(t))
Simplification

With appropriate simplifying assumptions, it is possible to simplify V EL,(t) substantially.
Even before making such assumptions, we can simplify E[X(t)|Z = z] via the law of total

probability.
EXE(4)|Z = 2] = E[E[X ()| Z = 2,T.; = 1))
= [7 B0 = 2 T = PO =117 = )i
0
=/ BEIXZ()|Z = 2, T = r]fo(r)dr
0

- / CBIXT (|7 = 2, T — 112 (r)dr + / T BIXT(0)|Z = 2, T = vl (r)dr
0 t

By equation 3.2, this becomes

:/tE[XZ,-(t—TZ,-)|Z:z,Tzi:r]fz(r)dr+0 (4.7)
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Which we can further simplify to:

t
0

t
0

Thus we could write V EL,(t):

FO(t) E[Xzz(t - Tzz)|Z = OaTzz < t]

We make the commonly used simplifying assumptions of proportional hazards (i.e.,

h.(t) = €’ho(t)), and low incidence (i.e., h.(t) ~ f.(t)). Under these assumptions, ?;—8 ~ e

We can then write this expression of V EL,(t) as:

El
E[

t
I _1_ B
VE[p(t)=1—¢ Jt—T.)|Z=0,T.,; <

X
X
4.6 Vaccine Efficacy for Crossing VL Threshold V

If we are interested in determining whether a vaccine has an effect on whether vaccinated
people cross VL threshold V', we use crossing VL threshold V' as the event of interest (see 2.6.
We can define a vaccine efficacy parameter to describe the vaccines effect on crossing over
such a threshold, which we call vaccine efficacy for viral load. We denote this parameter as
VEyL(V). Aswith VEg, VEp, and V Erp, we can define both cumulative and instantaneous
versions of this parameter, which we denote (VES, (r,V) and VEL, (t,V)).

VES, (1,V)=1— % (4.9)
VEL (t,V)=1~— Mm(t, V) (4.10)

ho(t, V)
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Note that, using 3.4, we can also write 4.9 as:

Fi(t) P(R,y(V) <7 —-Tu|T.; <7,Z=1)
Fi(1) P(R;(V) <7 —Ty,|T.; <7,Z=0)
PR,(V)<7—-TulT,; <7,Z=1)
PR,,(V)<71—-T,|T,; <7,Z=0)

VES, (1,V) =1~

= 1-(1-VES(")

(4.11)

where it becomes clear that V ES, (7,V) depends on both V ES(7) and the proportional
reduction in the probability of people infected at / before time 7 having VL cross VL thresh-
old V' at / before time 7.
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Chapter 5

STATISTICAL ESTIMATION OF PROXIES OF
INFECTIOUSNESS

In the real world, we are unable to directly observe the VL trajectory to calculate the
summary measures from Chapter 2. Rather, we observe sampled viral load at a range of times
post-infection, and must estimate the summary measures from our data. We frequently rely
on empirical estimation techniques, which are straightforward but may ultimately estimate
a slightly different VL parameter (e.g., see section 5.2.1). Alternatively, we may utilize
model-based estimation strategies, in which VL samples are used to estimate a continuous
VL curve with a parametric model. Summary measures are extracted from the estimated VL
curve. Since our focus is primarily characterizing the operating characteristics of inference /
estimation methods related to the vaccine efficacy parameters from Chapter 4, we will focus
more on defining / discussing empirical estimation of VL summaries, and will touch only
briefly on model-based estimation techniques, especially those used in our simulations (see

Chapter 8).

5.1 Trial data

We have the same type of data for both empirical and model-based estimation. As a reminder,

we denote the viral load for participant ¢ in group z at time since infection s as V,;(s). We

observe Vi(s;;), where Vi(s%;;) is the sample VL from the sample taken at times s, j =

1,...,m;. Note that in COVID-19 vaccine trials VL sampling typically starts as a result of an
initiating event, which may be symptom onset (as in the first generation trials) or a positive

test initiated by a set diagnostic testing schedule (as in the second generation of trials). We

*

thus refer to s7;; is time since first positive VL sample. We let d.; represent the time from



23

infection to first positive VL sample, and so $tij + d.; represents time since infection s.;;.
We note that in trials where participants are tested routinely to monitor for asymptomatic
infection, we may collect and test VL samples before infection, in which case we would have

= OVs*

%)

*

%i;- Since we would observe no viral shedding before infection, V;(s?

negative s i)
0. Unless noted, we assume here that s;; > 0.

Additionally, though Additionally, we assume that participants follow a fixed VL sampling
schedule after diagnosis (e.g., sampled daily for 2 weeks), and we have thus the same number
of samples for each participant. Thus we say m,; = m for all participants.

Finally, it is known that VL measurements from qPCR tests have some amount of mea-
into:

surement error. Combining all the above, we can decompose Vi(s7,;)

VJZ(SZ;) = ‘/;2'(8;']‘ + dzij) + 621'(3;']')

where €.;(s};;) is sampling error with Ele.;(s};;)] = 0.

5.2 Empirical estimation

Each of the summary measures discussed in Chapter 2 can be estimated empirically. For

empirical estimation, we base our estimates on Vi(s};;) and s};;,j = 1,...,m, and do not
attempt to account for sampling error.

In order for conclusions based on empirical estimators to apply to the parameters they
represent, we frequently need to assume that the vaccine does not affect time from infection
to the start of sampling. In trials with fixed diagnostic testing schedules (e.g., all participants
tested every other day), it is clear that this assumption is justified. However, in other trial
designs (e.g., where testing is spurred by symptom onset), the vaccine might affect time from
infection to the start of sampling and could lead to incorrect conclusions about the vaccine
effect on the parameter of interest. For example, if a vaccine delayed symptom onset without
affecting VL, infections would take longer to identify in the vaccinated group, and we would

observe shorter duration of shedding, lower peak VLs, and lower AUCs among vaccinated

participants, despite the vaccine actually having no effect on these parameters. The simula-
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tions in Chapters 8 and 9 are based on COVID-19 vaccine trials with fixed diagnostic testing

schedules.

5.2.1 Observed peak VL

The empirical estimator of peak VL is the observed peak VL, which we denote as V2* and

define to be:

V"= max {V(sZ;)}

7j=1,....m ztj
It is well known that observed maxima are biased estimators of actual maxima, and
that bias decreases as m increases. Frequent sampling, especially during the early stages of

infection when VL is likely to peak, is necessary to extend conclusions based on V.E* to V.F.

5.2.2  Observed duration of shedding

The empirical estimator of duration of shedding is observed duration of shedding, which we
denote as D}, and define to be:
DZ; = max{sy; : Vi(sZ;;) > 0}

The assumption of no vaccine effect on time from infection to the start of sampling is
crucial when using observed duration of shedding as an estimator of duration of shedding.

An additional complication with observed duration of shedding is that we are likely
to encounter censored data. In COVID-19 vaccine trials, VL samples may be collected
from infected participants until they are no longer shedding observable levels of viral RNA
or until a fixed time after the first positive test (e.g., 14 days after first positive test).
Additionally, some infected participants may be lost to follow-up. In any setting where
infected participants are not followed until shedding is observed to have stopped, we have
right-censored data. Furthermore, we do not know the exact time at which shedding stopped

between samples, so we also have interval-censored data, though we may opt to ignore
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interval censoring by using observed days of shedding or some similar measure. Methods for
censored data are frequently used to compare duration of shedding in viral infections, but
the estimation / inference methods in Chapters 6 and 7 would need to be updated to allow

for censored data.

5.2.8 Observed AUC

The empirical estimator of AUC is observed AUC, which we denote AUC?; and define to be:

VRS )+ VE(sE)
% 2i\°zi(j+1) 2i\° zij %
AUC; = Z B (Szi(j+1) - Szij)
j=1
As with duration of shedding, the assumption of no vaccine effect on time from infection
to the start of sampling is important when using observed AUC to draw conclusions about

vaccine effects on VL. We may also have to deal with censored data as we do for observed

duration of shedding.

5.2.4 Observed truncated / threshold AUC

We may also define the empirical estimator of the generalized AUC to allow for truncation
and thresholds as in 2.4. We do not know the exact time of infection, so we define the

truncation time 7 in terms of s%,. (i.e., AUC in first week after first positive test). Then our

%)

generalized AUC is:

AUCL(r, V) = Z ( Ut )2 -V (szi(j—H) - Szij)

j:s;'j <r
As with duration of shedding, the assumption of no vaccine effect on time from infection
to the start of sampling is important when using observed AUC to draw conclusions about

vaccine effects on VL.
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5.3 DModel-based estimation

As mentioned above, one may prefer model-based estimators for the summary measures in
Chapter 2 to empirical estimators for a number of reasons. Model-based estimators may
improve the precision of our estimates and can account for the bias described above (e.g.,
empirical estimates of peak are biased with finite sample size), allowing us to draw con-
clusions about the vaccine effect on the actual summary measure instead of the observed
summary measure. Model-based estimators can also help us account for the delay in iden-
tifying infections, especially in trials where diagnostic testing is spurred by an initiating
event (e.g., symptom onset). In these trials, we can use model-based estimators to remove
(or relax) an assumption that vaccines have no effect on time from infection to diagnosis.
However, model-based estimators can lead to invalid inference (e.g., inflated Type-1 error)
and / or bias if the model is mis-specified, and as such may be difficult to employ for viruses
where VL trajectories are irregular or are not completely understood.

A number of parametric models have been employed to estimate the VL curve from
longitudinal VL samples. For example, Kissler et al used a parametric model to estimate
continuous VL curves for individuals sampled during the 2020 NBA season restart[49]. Their
model assumed SARS-CoV-2 viral trajectories included a proliferation phase, in which VL
grows exponentially to a peak, followed by a clearance phase in which VL declines exponen-
tially to 0. They used VL samples to estimate the length of proliferation, length of clearance,
and peak VL, which they turned into a ”triangular” log-VL curve. They used these curves
to estimate duration of shedding and peak log-VL, and they could also be used to estimate
AUC.

Again, the primary focus of this paper is the operating characteristics of inference /
estimation methods for vaccine efficacy parameters, so we do not go into further detail on

model-based estimation methods.
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Chapter 6

STATISTICAL ESTIMATION OF VACCINE EFFICACY
PARAMETERS

In this chapter, we describe estimation and inference methods for the vaccine efficacy
parameters from Chapter 4. Rather than observing time to event T; for all individuals,
some will be censored at time C',; either due to loss-to-follow-up or administrative censoring.
Then, rather than observing T.;, we observe (T Li,0,i) where T, = min(7%;,C,;) and 6,; =

I(T,; = T.;). In Section 6.2, the event of interest is infection, while in Section 6.3, the event

of interest is crossing VL threshold V.
6.1 Estimating common vaccine efficacy parameters

The methods for estimating commonly used vaccine efficacy parameters such as V Eg, V Ep,
and V E; are well-known, and we do not comment on them at length here. These methods
include Cox proportional hazards models to estimate V EL(t) and V E5(t) and nonparametric
estimates of the cumulative incidence ratio (via Nelson-Aalen estimates of cumulative hazard)
to estimate V ES (1) and VE§(7). We use the latter method to conduct inference on V ES (1)

in simulations in Chapters 8-9.
6.2 Estimating vaccine efficacy for transmission potential

6.2.1 FEstimating cumulative vaccine efficacy for transmission potential

Let X.; be the infectiousness proxy we choose for our cumulative transmission potential
endpoint (Section 3.1). For example, X,; could be any of the empirical estimators of the
VL summary measures we defined in Chapter 5. Suppose we observe X,; for all infected

individuals (i.e., no censoring) and that X; is constant immediately at the time of infection.
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Let L(t) = S I[T.; < 7N J.; = 1] be the number of infections in group Z at or before

landmark time 7.

As a reminder, in Equation 4.3, we expressed VESp(7) in terms of gg:;, E[X|Z =

1,T,; <7],and F[X|Z =0,T,; < 7]. We return to the notation:

Ofp(t) = log(1 — VEFp(t))

We can thus write:

Fl(T)
FQ(T)

O7p(7) = log( ) +1og(E[X.i|Z = 1,T.; < 7]) — log(E[X4|Z = 0,T.; < 7))

We can use plug-in estimators for each of the three parts above to estimate ®%,(7) (and
thus VES,(7)).

We can estimate F,(7) by way of the Nelson-Aalen estimator of cumulative hazard:

A

F.(7) = 1 — exp(—H.(7))

where

() = 30 =

<7 2 (t)
where d,(t) is the number of events in group z at time ¢t and r,(t) is the number at risk
in group z at time ¢. Under standard assumptions (e.g., non-informative censoring) that
are satisfied in our setting, this estimator is consistent and asymptotically normal[52]. Its
variance can be estimated via

d.(t)
r.(t)?

var(F.(1)) = exp(—2H,()) * Z
t<t
1(7) ()

Using this estimator for F,(7) for Z = 0,1, we can estimate io—m using 11?;_(7) (and thus

log(g—gg) using log(g—g;)). Since we have assumed 7}, is independent between the two

groups, Fy(7) and Fy() are independent. We can thus use the delta method to estimate the
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variance of log(%) to be:

e
S

R var(Fy(t))  var(Fy(r))
var(log(— = ~ —
( g(Fo(T))) Fl(T)Q + FO(T)2

We can also estimate E[X,;|Z = z,T,; < 7| using a plug-in estimator — the sample mean

of X,; among observed infections at or before 7, which we will label as XZ<T>.

- XzzITzngm(szzzl
() - Dl S0

(6.1)

Let s.(7) denote the standard deviation of X,; among observed infections at or before
7. By the Central Limit Theorem X;(7) and X,(7) are asymptotically normal, and so are
log(X1(7)) and log(Xy(7)). Via the delta method, we estimate the variance of log(X.(7))
with:

var(log(X(7))) = %

We can combine these plug-in estimators to estimate ®$p(7)

50(7) = loa( )+ 1oa(, (7))~ log(5o(r)

~—

=

With the simplifying assumption that X,; is independent of T); (e.g., peak viral load
is independent of infection time), and again using the assumption that the two groups are

independent, we can estimate the variance of ¢, (7) to be

v&r(@gp(r)) = v&r(log(ggi )) +var(log(X1(7))) + var(log(Xo(7)))

This estimator is asymptotically normal. In large-sample settings we can create Wald

confidence intervals for and conduct inference on ®%,(7), then exponentiate to get valid

~ C
confidence intervals / inference for V E,p(7)
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6.2.2 FEstimating instantaneous vaccine efficacy for transmission potential
Possible estimation approaches for V EL,(t)

In Section 4.5.2, with several simplifying assumptions (low, constant incidence; proportional
hazards), we were able to express VEL,(t) in terms of E[X,;(t — T.;)|Z = z,T.; < t] and
. We could estimate V EL,(t) using plug-in estimators for the pieces of Equation 4.8 as we
did for V ES, (7). This approach has the benefit of requiring fewer simplifying assumptions.
However, since many people infected at / before ¢ would no longer be infectious by time
t (e.g., they are no longer shedding virus), the distribution of X,;(¢ — T.;) among people
infected at / before ¢ would be zero-inflated. This could lead to low power / precision.

An alternative that could limit the effect of zero-inflation would be to use a 2-part model
approach. Several different 2-part models could be used; we describe one in which we separate
X.;(t — T,;) among people infected at / before ¢ into those who are no longer infectious and
those who are still infectious. Let S,; represent the duration of infectiousness after infection

(note that this differs from the duration of shedding from 2.2), which we define to be:

S, =inf{s:s>0N X (r) = 0Vr > s}

We can then re-write the instantaneous transmission potential endpoint shown in Defi-

nition 3.2 such that:

XI(t) = (6:2)

0 Tzi>tUSZi<t—Tzi
Using this definition, we see that X,;(t —T.;) = 0 if S,; < (t — T%;), so we we can rewrite
4.8 as:

t
t

AVAIY

(6.3)



31

We could then estimate V EL,(t) using plug-in estimators for each of the component
parts of Equation 6.3. This approach would limit the effect of zero-inflation, but intro-
duces complexity into the estimation method as it requires estimating additional parameters
(P(S.; > (t —T,)|Z = z,T,; <t)), which could lower power / precision.

Finally, we could make the strong simplifying assumptions of constant incidence and no

vaccine effect on the distribution of duration of infectiousness (i.e., P(S,; = s|Z = 1) =

P(S,; = s|Z =0) = P(S.; = s)Vs). Then iégzgg:g;l?ié%ég = 1. We can then re-write

Equation 6.3 as:

VEL,(t)=1-¢° (6.4)

This approach could yield improved power by limiting the zero-inflation and removing
the need to estimate an additional component. However, the strong assumptions required
to yield this form may not be valid.

For simplicity, we will only describe the estimation approach based on Equation 6.4
under these strong assumptions. Estimation approaches for the forms in Equations 4.8 and

6.3 would be very similar.

Two-step estimation approach under strong assumptions

Let X,;(s) be the instantaneous infectiousness proxy at time since infection s we choose for
our instantaneous transmission potential endpoint (Section 3.2). We observe X,;(t — T'z1)
over the duration of infectiousness for all infected individuals (i.e., no censoring). For infected
patients, we also observe an indicator of continued infectiousness at time ¢ ~,;(t) = I[3r >
tst. X,(r—Ty) > 0]. Let L(t) = >07 I[Tzi < tNd,; = 1N, = 1] be the number of
currently infectious participants in group z at time .

With some minor tweaks to account for duration of infectiousness, the product method
developed by Follmann and Huang [26] can be used to estimate V EL () under the strong

assumptions noted above. We return to the notation:
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O7p(t) = log(1 = VEpp(t))

Now, we have that under these assumptions:

OLo(t) = B +1og(E[X.i(t —To)|Z =1,To = t, 5, > (t — T.)])—

log(E[Xu(t — Tui)|Z = 0, = t,5, > (t — T.;)]) (6.5)

We can estimate [ using B from a Cox proportional hazards model. We will also use the
resulting estimate of the variance of /3, var ().

The plug-in estimator Xz(t) could be used for E[X,;(t — Tu)|Z = 2, Ty = t,S.; >
(t — T.;)], where in this setting we restrict the sample average to infected participants who
are still infectious at time ¢:

A0 = a0

Let s,(t) denote the standard deviation of X,;(t — T,;) among infectious individuals at

(6.6)

time ¢. By the Central Limit Theorem X;(t) and X;(t) are asymptotically normal, and so
are log(X;(t)) and log(X,(¢)). Via the delta method, we estimate the variance of log( X, (t))
with:

s.(1)?
X.(t)21.(t)

We can put these estimators together to estimate ®1.,(¢)

var (log(X.(t))) =

bl p(t) = B+ log(Xi(t)) — log(Xo(1))

With the simplifying assumption that X,;(t — T};) is independent of T}; (e.g., viral load
is independent of infection time), and again using the assumption that the two groups are

independent, we can estimate the variance of @% p(t) to be



33

var(®h (1)) = var(B) + var(log(X1(t))) 4+ var(log(Xo(t)))

This estimator is asymptotically normal. In large-sample settings we can create Wald
confidence intervals for and conduct inference on ®%L,(t), then exponentiate to get valid
confidence intervals / inference for VAE;P(t)

However, given the relatively short duration of infectiousness in a SARS-CoV-2 infections
compared to the length of the trial, many (even most) individuals infected before time ¢
would no longer be infectious at time ¢. Thus the number of individuals contributing to
estimating E[X;(t — T.;)|Z = 1,T.; < t,S.; > (t — T.;)] would be fairly small relative to
the total number of infections. With additional assumptions about the type of vaccine effect
(e.g., constant over the duration of infectiousness), it might be possible to use the ratio of
cumulative infectiousness proxies measures‘ instead of instantaneous infectiousness proxies.

Using this method to estimate V EL,(7) requires more assumptions about the structure
of the data and the type of vaccine effect than using VES,(7). As a result, we will focus

our simulations in Chapters 8 and 9 on the cumulative transmission potential endpoint.
6.3 Estimating vaccine efficacy for crossing VL threshold V

6.3.1 Methods for single threshold V

As a reminder, for V Ey(V), the endpoint of interest is crossing a VL threshold V', which
occurs at time T,;(V). In a trial setting, again, some individuals will be censored at time
C.;, either due to loss-to-follow-up or administrative censoring. Specifically, patients who are
infected but do not cross VL threshold V' are censored at the end of post-infection follow-up.
Rather than observing T.;(V), we observe (T.;(V),8.:(V)) where T.;(V) =min(T.;(V), C.;)
and 6,;(V)) = I(T;(V) = Toi(V)).

When estimating VES, (7, V) or VEL, (t, V), we may specify a specific threshold based on

scientific knowledge. For example, if it were discovered that a person is only infectious when

VL exceeds Vj; .., we might specifically estimate and conduct inference on VEG, (1, Vi5, o)
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or VEL;(t, Vo). For a fixed threshold, we would use the same estimation / inference
methods as we do for VEg and VEp (see Section 6.1). Again, we do not discuss these

commonly used methods in detail.

6.3.2  Simultaneous estimation / inference for unknown V/

In the absence of such clear scientific knowledge, however, it may be difficult to decide upon
a threshold a priori. We may instead choose to specify multiple discrete thresholds or a
continuous range of thresholds and identify any vaccine effects across these threshold options
simultaneously. Rather than creating individual confidence intervals / running multiple
hypothesis tests, Gilbert and Sun [50] developed methods to simultaneously estimate and
conduct inference on vaccine effects on time to crossing a VL threshold. Their method allows
for valid simultaneous inference / confidence intervals either across a continuous range of VL
thresholds (e.g., V' € [Viow, Vhign]) or a discrete set of thresholds (e.g., V € {Vj,,k =1,...,m}).
We will discuss here the key steps / conclusion in this simultaneous inference / confidence

interval method. We refer readers to the original paper for greater detail.

We start with a number of definitions of functions common to time-to-event endpoints.

Let Ni(t,V) = I[T(V < tN64(V) = 1] and N,(t,V) = 327 N.i(t,V). Let R.(t,V) =
I[T;(V > t] and R.(t,V) = S R.(t,V). Additionally, let M.,(t,V) = N,(t,V) —
[y Rui(s, V)dH,(s,V)ds and 7,(t,V) = P[T,;(V) > t]. Finally, let p, = lim,,_,, .

We will use the Kaplan-Meier estimator of S.(¢,V) and Nelson-Aalen estimators of

h.(t,V) and H.(t,V), which we denote as S,(t,V), h.(t,V), and H,(t,V), respectively.
We also use the Kaplan-Meier estimator of F,(t, V), F.(t,V) =1 — S.(t,V). Finally, we use
szi(s, V) = N,l(t, V)—fot R.(s, V)iin(s, V)ds. The following is a martingale representation

of FL(t,V):

Viz(F.(7,V) = F.(r,V)) = S.(7, V) /0 e Z}(lsdj‘f)(s ") 4 o) (6.7)
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which converges in distribution to a mean-zero random variable with variance

r V) =s2ry) [

This variance can be consistently estimated with:

. - T dH.(s,V)
2 = n,S? hahta St VA
(1, V) =n,S:(T, V)/O R.(s.V)

Let U(T,V) = /n (FI(T’V) Fl(T’V)). We can write:

Fo(r,v)  Fo(rV)

1 ~ F1 (T, V) ~
= S — ———— ( F - F 1
Vi (g (B = RV = G () = R v) ) + o)
(6.8)
By the central limit theorem, U(7, V) converges in distribution to a mean-zero normal

random variable with variance
o*(1,V) = pr {(Fo(1, V)20t (1, V) + po  (Fi (7, V)2 (Fo(7, V) o (1, V)

This variance can be consistently estimated with:

(V) = (Ey(r, V)2 63(r, V) + —(Bi(7, V)2 (Fo(7, V) 63, V)
ny To
We could use this variance to generate confidence intervals for V Ey(7,V) =1 — 1210((:}‘//)

for a single V. However, to make simultaneous confidence intervals across a range of possible
values for V| additional steps are needed.

From 6.7 and 6.8, we can see that

1 g2 S dMy(s, V)
o= (Fo<nv>51(“v>/o s, ) )

L (BEY) [T S A V)
Vo <<F0<r,v>>250( T )* D (69)
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Gilbert and Sun showed that 6.9 converges weakly to a mean-zero Gaussian process for
V'€ Viows Vhign) (as well as for Ve {V,k =1,...,m}). Let Z,;,i =1, ...,n, beii.d. standard
normal random variables.

Then we can define U*(7,V):

. T % n1 7. M ]
U(r, V) = | — (—A ! Sl(T,V)/ i iy Z1id 11(5,V)>
0

ni \ Fo(r,V) Ry(s,V)
[ (LBEY) o [ S Zad(s, V)
o ((Fo(r, V))2So( ,V)/O Ro(s. V) ) (6.10)

Gilbert and Sun showed that, conditional on the observed data, U*(7, V') converges weakly
to the same process as U(7, V). In order to generate simultaneous confidence bands for
VEG(1,V) for V. € [Vigw, Viign), we use the quantity Caj2, Which is the asymptotic 1 — «

quantile of

Sup‘/lowSVSVhigh

U(r,V)
a(r,V)
We can consistently estimate c,/» by repeatedly generating copies of i.i.d. standard

normal random variables Z,;, ¢ = 1,....,n, then calculating U;(7,V') for each repetition

b,b=1,..., B. We then extract the 1 — a quantile of

Ui (r, V)
——=,b=1,..,.B
a(r,V) " T

sup‘/low SVSVhigh

which we denote as ¢q/2. We can then generate uniform 100(1 — «)% confidence bands for

VEVL (7’, V), Ve [WO’U}) Vhigh] with:

VEyL(T,V) £ 0" 26406(r, V)
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Chapter 7

COVARIATE-ADJUSTED VACCINE EFFICACY FOR
TRANSMISSION POTENTIAL

In vaccine trials, it is possible (and in fact, likely) that some covariates are associated
with the event and / or outcome of interest. This includes covariates impacting the outcome
that are equally distributed between treatment groups (i.e., precision variables) or covariates
associated with the outcome that differ in distribution between treatment groups (i.e., con-
founding variables). We would like to be able to control for both of these classes of covariates
in the context of V Erp, as is done with other vaccine effects. For example, in a multi-site
vaccine trial, placebo-group incidence rates frequently vary substantially by site, and so vac-
cine efficacy parameters are adjusted to account for site (e.g., including site as a covariate
in a Cox proportional hazards model). In the context of transmission potential, covariates
could be associated with differences in both incidence and infectiousness proxy values, and
so we need to extend our V Erp parameter to allow us to adjust for both. In this chapter,
we define cumulative vaccine efficacy for transmission potential adjusted for covariates W,
which we denote (VE§p,y, (7). We also show how this parameter can be estimated when
W is discrete. In Chapters 8 and 9, we will show that this estimation method yields valid

inference.

7.1 Definition

Suppose W,; = W1, ..., W, is a set of k variables that are associated with infection and /
or the infectiousness proxy included in the transmission potential endpoint, conditional on
infection. Let Fyy z(W>;) denote the distribution function of W conditional on treatment

assignment Z. We assume that W,; is independent of Z (as in a randomized trial), and
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thus Fyyz(W.;) = Fw(W.;). This distribution of W can be specified based on data from an
external source or a known population distribution or the distribution of W in the study.

Let W-adjusted V E$p(7) be VESp (1), which we define to be:

W BIX5(D)|Z = 1, W, = w]dFy (w)
VEfpw(r) =1~ Jo EIX:(T)|Z = 0,W.; = w]dFy (w)

By the same approach as Section 4.5.1, it is clear that VEZ,, (7) can be re-written as:

-1 fW XZZ|Z =1 Wm = w, T, < 7—] 1(T|Wzi = w)dFW(w)
fW XZ@|Z O sz w Tzz S 7_] O(lezi - w)de(w)

VEipw(r) = (7.1)

As with VEZ,(7), we denote

A%P,W<T) =1- VEJC:P,W(T)

and

(I)gP,W( ) = log(ATPW< )

7.2 Estimating VE{, (1) with discrete W

VE:,QRW(T) could be estimated in a number of different ways — we focus on the case where
W is discrete and leave remaining cases for future work.

A discrete W, combined with Z, divides the population into distinct strata; we assume
that observations are independent, identically distributed within each stratum defined by

W, Z. If W is discrete, we can write Equation 7.1 as:

ZW E[XM‘Z = 1, Wzi = w7Tzi S T]Fl(T’WZi = 'LU)P(VVZZ = w)
ZW E[XM|Z = 0, Wzi = w7Tzi S T]F0(7'|WZZ‘ = 'IU)P(WZZ = w)

VEC?P,W(T) =1- (7.2)

We can use use plug-in estimators within each stratum to estimate the contribution
of each stratum to the sum in the numerator and denominator of Equation 7.2. We can

then combine these estimates to get an estimate of VE§py, (1) (by way of an estimate of
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®Fp (7). Estimating VEFp () in the case where at least element of W is continuous
(Equation 7.1) is more complicated, and we leave that for future work.

The distribution of W may be estimated from study data or provided as a constant. For
example, if W was birth sex, we could specify a 50-50 male-female split when estimating
VESpw(T) to estimate a sex-pooled VEG, (7). However, if W represents some other
characteristic with an unknown distribution in the population, we can estimate Fy, (W)
from the sample. We will provide estimators and associated variance for both options.

Let &xw(T) = E[Xu|Z = 2, W, = w, T, < 7|F(1|W,; = w)P(W,; = w) and let
Yowézw(r) =&2(7). Then:

C _ _wal,W(T)_ _51(7')
VErrw (M =1=F S nm ' am

and thus:

O pyy (1) = log(&i(7)) — log(&(T))

We can estimate F[X;|Z = 2, W,; = w, T,; < 7] using Xzw (1), the sample mean of X
among observed infections at / before 7 in the stratum defined by (W,; = w,Z = z). Let
Iyw(r) =307 I[Tzi < 7N4d,; =1NW,; = w] be the number of infections in the stratum
defined by (W,; = w, Z = z) at or before time 7. Then

Xgw(r

2
SZ,W

Izw

X zw (7) has estimated variance , where Sz is the sample standard deviation of X ;
among individuals infected at or before time 7 in the stratum defined by (W.; = w, Z = z).

Let d,,(t) be the number of events and rz,w(t) be the number at risk in the in the
stratum defined by (W,; = w,Z = z) at time t. We can then estimate Fz(7|W.; = w) by

way of stratified Nelson-Aalen estimators of cumulative hazard.

Fy(r|We = w) = 1 — exp(—H.(7|W.; = w))
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where

AW = w) = 30

<

This estimator is consistent and asymptotically normal[52]. Its variance can be estimated
via
dsw(t)
72w (t)?

U&T(FZ(T|WZ,~ =w)) = exp(—QfIZ(ﬂWzi = w)) *

t<rt
When the distribution of W is provided (so P(W,; = w) is a known constant), we can

estimate {z w (7) with

Eaw(T) = Xgw (1) Fy(7|Wes = w)P(W; = w)

which, via the delta method, has estimated variance:

. _ A . S2
var(Ezw(r)) = PW.; = w)? (X;anr(FZszi =w)) + Fy(7|W.; = w)® [Z’W)
zZ,W

We can add up the strata-specific estimators to estimate £z (7) with &4(7)

éZ(T) = ZEZ,W(T)

Since the observations from different strata are independent, we can estimate the variance

of £4(7) to be:

var(E5(1)) = Zvdr<éZ,W(T))

We can then estimate ®%p (1) with @D%YRW(T)

bFpw (1) = log(&1(r)) — log(&o(7)) (7.3)

which has variance (via the delta method):



41

var((r)) | var(&(r))
(&u(7))? (€o(7))?

In large-sample settings we can use 7.3 and 7.4 to create Wald confidence intervals for

v&r(ﬁ)ng(T)) =

(7.4)

and conduct inference on @gP’W(T), then exponentiate to get valid confidence intervals /
inference for VAEg pw (7).

If the distribution of W is not specified (so we must estimate P(W,; = w)), we can
employ a very similar approach. Let py (w) = P(W,; = w). We can estimate py (w) with

the standard binomial estimator:

ooy 2 A Wei = ]

which has estimated variance

pw (w)(1 = pw (w))

var(pw(w)) =

We can then estimate &5y (7) with &4 (1) where:

E2w(T) = Xgw (1) Bz (7|Wei = w)pw (w)

which, via the delta method, has estimated variance:

var(Ezw (7)) = X2y pw (W) var(Ey(r|We; = w))+

. SEw s
Fy(r|Weai = w)*pw (w)? IZ‘V” + X2 B (7|Wey = w)*var (pw(w))  (7.5)

We can then estimate £ (7) with £4(7) where:

éZ(T) = ZEZ,W(T)

Again, since our observations are independent between strata, we can estimate the vari-

ance of £4(7) to be:
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var(E4(1)) = ZUCAW’(EZ,W(T))

We can then estimate ®Fp,, (7) with (i)gRW(T)

D7y (7) = log(&1 (7)) — log(&(7)) (7.6)
which has variance (via the delta method):
var(é(r)) |, vir(Go(r)
(&u(7))? (&o(7))?

In large-sample settings we can use 7.6 and 7.7 to create Wald confidence intervals for

U&r(égp,w(ﬂ) =

(7.7)

and conduct inference on CID%P,W(T), then exponentiate to get valid confidence intervals /

inference for VAE:(; pw (7).
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Chapter 8
SIMULATION METHODOLOGY

We utilized a series of simulations to assess the operating characteristics of the above
methods for estimating and conducting inference on V ES,(7) and VE%P,W(T). Finally, we
explored the simultaneous confidence interval / inference methods for VES, (1,V) across a
range of V. These simulations are based on the initial design of an ongoing trial to assess
the efficacy of SARS-CoV-2 vaccines in college students. The primary objectives of the
trial are to demonstrate vaccine efficacy against acquisition (V Eg) and vaccine effect on
peak viral load conditional on infection; vaccine effects on other post-infection outcomes are
secondary endpoints. In reality, the trial protocol has been updated, though the changes are
not reflected in the simulations. Additionally, though we refer to vaccine and placebo group
throughout this section, the placebo group is actually deferred vaccination group, since the

vaccine used in the study has already been demonstrated to be effective.

8.1 'Trial Design

We suppose a total trial enrollment of 12,000, randomly assigned in a 1:1 ratio between
the vaccine and placebo groups. Participants are followed for 16 weeks after enrollment (at
which time all placebo group participants are to be vaccinated), so we consider participants
who have not been infected by 16 weeks to be censored. To account for the fact that some
participants who enroll may actually have been previously infected with SARS-CoV-2, we
simulate that 10% of enrolled participants are seropositive at enrollment, based on data from
previous trials. Since participants who were seropositive are identified only after enrollment,
such participants are excluded from the primary analysis but included in the total trial

enrollment. Furthermore, we suppose that 2% of enrolled participants do not receive their
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second dose. Those participants are also excluded from the analysis (i.e., the analysis is

per-protocol).
8.2 SARS-CoV-2 acquisition

For the remaining participants, we simulate infection times (7};) using the exponential dis-
tribution. We define our endpoints in terms of time since enrollment and use threshold time
7 = 16 weeks. We assume a 4% 16-week incidence in the placebo group, and in the vaccine
we use a 4% * (1 - VES (7)) incidence, with V ES (1) varied. We also simulate exponential
censoring times (C,;) based on 5% loss-to-follow-up over the length of the study. Remaining
participants are censored at 16 weeks of follow-up. From 7; and C,;, we generate survival
data (T %i,0,i). In this trial design, all infections that occur after the administration of the
second vaccine dose count towards the primary analysis (i.e., we only count events occurring
after 4 weeks of follow-up).

In the simulations to demonstrate the techniques for estimating V ES pw (7) from Chapter
7, we used a similar design and simulation approach. These simulations additionally assumed
enrollment occurred at two sites where baseline incidence could differ between the sites.
Additionally, these simulations assumed 50:50 male-to-female enrollment overall and allowed
for baseline incidence to differ by sex. We also allowed for imbalances in sex and enrollment

site by treatment assignment.
8.3 VL trajectories

We assumed participants were tested for SARS-CoV-2 infection daily, allowing for infections
to be captured before symptom onset. For participants infected with SARS-CoV-2 during
study follow-up, we simulated viral load trajectories using an approach adapted from the
model-based approach employed by Kissler et al in the analysis of data from the 2020 NBA
restart [49] (discussed in 5.3).

Specifically, for each infected person we simulated a peak Ct value, as well as length of

proliferation and clearance stages. We used the posterior distributions of each of the three
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parameters from Kissler et al’s model to simulate data. We simulated duration of prolifera-
tion stage fro a gamma distribution with shape parameter 2.3 and inverse scale parameter
0.7 and duration of clearance stage from a gamma distribution with shape parameter 2.4 and
inverse scale parameter 0.4. We assumed that the vaccine had no effect on the distribution
of the duration of proliferation or on the distribution of the duration of clearance (e.g., scale,
shape parameters remain the same).

We simulated peak log-VLs from followed a normal distribution (with a mean of 5.5 and
sd of 1.8 in the placebo group and truncated at the qPCR limit of detection of 40Ct). We
parameterized the vaccine effect on viral shedding as a reduction in peak log-VL, which we
denote as A peak log-VL. For example, A peak log-VL. = 1 indicates that the mean peak
log-VL in the vaccine group is one unit lower than in the placebo group, after truncation.
We assumed no vaccine effect on the variability of peak log-VL. In the trials to evaluate
VESp (1), we allowed mean placebo-group peak log-VL to differ by sex (i.e., sex could be
a precision variable or confounder).

After simulating VL trajectories using this ”triangle model”, we simulated sampling
from the trajectories. We assumed diagnosis occurred within 1 day of infection (given daily
diagnostic testing schedule), and sampling occurred every 24 hours thereafter for 2 weeks.
We simulated measurement error consistent with typical values for qPCR when generating
our samples. Measurement error was assumed to be additive with a mean of 0 and a standard
deviation of 0.2 Ct units (corresponding to <0.1 log;, units on the log-VL scales). This level
of measurement error falls within operating guidelines for qPCR [53], and this amount of
error (or less) has been used in other simulation studies [54]. The level of measurement error
has some effect on the absolute results of the simulation studies, but does not affect the
relative results / trends shown in Chapter 9.

We then calculated observed peak log-VL and observed log-VLL AUC using the equations
from Sections 5.2.1 and 5.2.3, respectively. We simulated trials using both observed peak log-
VL and observed log-VL. AUC as the proxy for infectiousness for our transmission potential

endpoint. We also used sampled VL trajectories to calculate T.;(V') for V € {4,5,6} so that
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we could evaluate the simultaneous confidence interval technique for VES, (1,V) across a

range of V.
8.4 Inference

After using the above methods to generate simulated data, we estimated VE§ (1), VESpy (1),
VES (1), and VEy(r,V) for V € {4,5,6} using the techniques from Chapters 6 and 7. We
constructed 95% confidence intervals for each of the above parameters in addition to si-
multaneous 95% confidence interval bands for VEy(7,V) for V € {4,5,6}. Finally, we
conducted one-sided, o = 0.025 hypothesis tests against a null hypothesis of VE < 0 for
each of VEY (1), VEGpy (1), VES(7), and VEy,(1,V) for V € {4,5,6}. We also used
one-sided, @ = 0.025, two-sample t-tests to compare both peak log-VL and log-VL AUC
between vaccine and placebo groups so that we could compare the performance of these
conditional methods to our unconditional approach. We simulated 1,000 trials under each
set of parameters to get reliable estimates of power and 95% confidence interval coverage

probability for each test / confidence interval calculated.
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Chapter 9
SIMULATION RESULTS

We present selected results from the simulations described in Chapter 8. Additional
results are contained in Appendix A. Unless otherwise noted, all power results discussed
are the result of one-sided, o = 0.025 tests against a null hypothesis of VE < 0 and all

confidence intervals displayed are 95% confidence intervals.

9.1 Validation and performance of estimation methods for V ES,(7)

9.1.1 Validation

Before assessing the power of inference methods for VES,(7), we validated that the esti-
mation approach generated unbiased estimates, standard errors, and appropriate confidence

interval coverage for V ES,(7).

Unbiased estimation

We expect ®%,(7) to be an unbiased estimator of ®%,(7). Thus, the geometric mean of our
estimates VAE;?P(T) should equal to V E$,(7). Figure 9.1 shows the geometric mean of our
estimates of VAEg p(7) from the 1,000 simulated trials across a range of V ES,(7) values using
both peak log-VL and log-VL. AUC as the transmission proxy. The dotted line corresponds
with unbiased estimation. We see that the estimator provides unbiased estimates across this

range of V ES, (1) values for both choices of transmission proxy.

Valid variance estimates

~ A

In order for inference to be valid, we also need var(®% (7)) to consistently estimate var(®$,(7)).

Figure 9.2 shows the mean var(®$,(7)) from the 1,000 simulated trials across a range of
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trial settings using both peak log-VL and log-VL AUC as the transmission proxy compared
to the empirical variance of @%P (7). The dotted line represents valid estimation of the vari-
ance of the estimator. We see that var(®%,(7)) generally provides accurate estimates of the

variance of the estimator.

Confidence interval coverage probability

Since our estimation technique provides unbiased estimates of V ESp(7) and our estimates
of var(®S,(7)) are valid, we expect that 95% confidence intervals will have approximately
95% coverage probability. Figure 9.3 demonstrates that this is the case — on average, the
confidence intervals generated captured the true value of V E$,(7) 95% of the time, with vari-
ability consistent with that expected from simulations of 1,000 repetitions and no apparent

trends in the coverage probability with V ESs(7).

9.1.2 Performance
9.1.3 Comparison to conditional analysis

One of the primary rationales for the unconditional analysis using V Erp allows is resilience
in high V' Eg settings when compared to conditional analyses. Figure 9.4 shows the power to
detect a vaccine effect on peak observed log-VL, conditional on infection, across a range of
A peak log-VL and V Eg values (using a one-sided two-sample t test). As expected, we see
that power decreases as V Eg increases. Figure 9.5 shows the power to detect V ES,(7) using
peak log-VL as the transmission proxy. Figure 9.6 overlays the power curves from Figures
9.4 and 9.5. We see that the unconditional analysis has less power to detect a vaccine
effect when V Eg is low, but in mild-to-moderate V Eg scenarios (e.g., VEs > 30%), the
unconditional analysis provides far higher power. Thus we can see that V ES,(7) provides
an attractive alternative to analyses of post-infection proxies of infectiousness when vaccine
efficacy against infection is expected to be high. The same trends hold if log-VL. AUC is

used as the proxy of infectiousness (see Figure A.1 in Appendix).
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Figure 9.1: Geometric mean of estimates of VAEgP(T) compared to V ES,(7) based on 1,000
simulated trials.
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9.1.4 Comparison of peak log-VL and VL AUC

Selecting an appropriate VL. summary measure to use as a proxy for infectiousness is pri-
marily a question of scientific interest (e.g., which is most likely to accurately represent the
relationship between viral shedding and infectiousness), and statistical concerns characteris-
tics are generally a secondary concern. However, we feel it appropriate to note the difference
in power between analysis conducted using the two. Given the higher variability of log-VL
AUC, we expected lower power, even when standardizing to compare simulations with the
same actual VES,(7). Figure 9.7 shows the power to detect VES,(7) across a range of
V Erp values using both summary measures as proxies. We see, as expected, that using

log-VL AUC as the infectiousness proxy leads to slightly lower power.
9.2 Validation of estimation methods for VE$p ()

Our simulations with covariates affecting incidence, V Eg, peak log-VL, and A peak log-VL
were primarily focused on demonstrating that the methods described in Chapter 7 led to

valid inference.

9.2.1 Unbiased estimation

We expect égpyw(ﬂ to be an unbiased estimator of ®% (7). Thus, the geometric mean
of our estimates VAEgRW(T) should equal to VE:,QRW(T). Figure 9.8 shows the geometric
mean VAE?P’W(T) from the 1,000 simulated trials across a range of V E{p () values using
both peak log-VL and log-VL. AUC as the transmission proxy. The dotted line corresponds
with unbiased estimation. We see that the estimator provides unbiased estimates across this

range of V Efpy, () values for both choices of transmission proxy.

9.2.2 Valid variance estimates

A

In order for inference to be valid, we also need var(®$py, (7)) to consistently estimate

A A

var(®Gpy (7)), Figure 9.9 shows the mean var(®%py (7)) from the 1,000 simulated trials
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across a range of trial settings using both peak log-VL and log-VL AUC as the transmission
proxy compared to the empirical variance of @gP’W(T). The dotted line represents valid

variance estimation. We see that var(®$p (7)) generally provides accurate estimates of the

variance of the estimator.

9.2.3 Confidence interval coverage probability

Since our estimation technique provides unbiased estimates of V ES pw(7) and our estimates
~ C

of var(VErpy (7)) are valid, we expect that 95% confidence intervals will have approxi-

mately 95% coverage probability. Figure 9.10 demonstrates that this is the case — on average,

the confidence intervals generated captured the true value of VES,y, (1) 95% of the time.

9.3 Validation and performance of estimation methods for VEy(1,V)

9.5.1 Validation
Unbiased estimation

We expect VEy (7, V) to be an unbiased estimator of V Ey (7, V). Figure 9.11 shows the
mean VAEiRW(T) from the 1,000 simulated trials across a range of VE%RW(T) values using
both peak log-VL and log-VL AUC as the transmission proxy. The dotted line corresponds
with unbiased estimation. We see that the estimator provides unbiased estimates across this

range of V Ey (7, V) values.

Valid variance estimates

In order for inference to be valid, we also need var(VEy.(r,V)) to consistently estimate
var(VEyL(r,V)). Figure 9.12 shows the mean var(VEy . (r,V)) from the 1,000 simulated
trials across a range of trial settings compared to the empirical variance of VEvrL (1,V). The
dotted line represents valid variance estimation. We see that var(VEy.(r,V)) generally

provides accurate estimates of the variance of the estimator.
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Sitmultaneous confidence band coverage probability

Since our estimation technique provides unbiased estimates of V Ey (7, V') and our estimates
of var(VEy (1, V)) are valid, we expect the simultaneous confidence band method described
in 6.3.2 to create valid confidence bands. In the context of our simulations, a success would
indicate the confidence band contains V Ey(7,V) for all V' € {4,5,6}. Figure 9.13 demon-
strates that this is the case — on average, the simultaneous confidence intervals generated

captured the true value of VEy(7,V) for all V € {4,5,6} 95% of the time.

9.3.2  Performance

We also find it of interest to characterize the performance of the simultaneous confidence
method compared to pointwise confidence intervals, and to compare the inference methods
to detect any vaccine effect on V Ey 1 (7,V) for V' € {4,5,6} to the methods to detect vaccine
effects on VESL(7).

Comparison of simultaneous confidence intervals to pointwise confidence intervals

We expect to sacrifice some precision when generating simultaneous confidence bands instead
of calculating pointwise confidence intervals, leading to wider confidence intervals. Figure
9.14 shows the average 95% simultaneous confidence band for VEy(7,V) for V € {4,5,6}
based on 1.000 simulated trials compared to the average 95% pointwise confidence intervals
from the same trial when V Eg = 0.4 and A peak log-VL = 1. As expected, we sacrifice some
precision compared to a pointwise confidence interval, but the benefit of not pre-specifying
a threshold in the presence of uncertainty may outweigh the loss of precision. Similar figures

for other combinations of V Eg and A peak log-VL can be found in the Appendix.

Comparison to V Eg

When comparing an analysis detecting V Ey(7,V) to an analysis detecting V ES(7), we

note that there is a trade-off between the number of events and the overall effect size. We
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expect to sacrifice some power in detecting an effect on time to crossing a VL threshold if
there is no vaccine effect on VL, as we would trade off events without increasing the effect
size. However, if there is a moderate-to-high vaccine effect on peak log-VL, we would expect
to gain power as we see a larger effect size that compensates for the lost events. Furthermore,
if there were opposing effects (i.e., vaccine increases peak log-VL) we would expect to see
lower power in the analysis of V Ey . Figure 9.15 compares the power to detect V Ey (7, V)
for V€ {4,5,6} and VES(7) across a range of V Eg values and A peak log-VL values. As
expected, we see a slight reduction in power when there is no vaccine effect on VL, but we
gain power as A peak log-VL increases. The tradeoff in power would be larger for higher

VL threshold (e.g., V' € {5,6,7}) where fewer participants cross the threshold in the placebo

group.

Comparison to V Erp

Finally, it is of interest to compare the analysis detecting V Ey 1 (7, V') to an analysis detecting
V ESp(7), since both methods are options for unconditional analysis of post-infection infec-
tiousness proxies. Figure 9.16 compares the power to detect V Ey(1,V) for V € {4,5,6}
and V EG,(7) across a range of V Eg values and A peak log-VL values. We see that, in the
context of the model for viral load and vaccine effect on viral load that we have chosen, the
analysis to detect V Ey(7,V) has higher power. The power advantage increases with A
peak log-VL.

Upon closer examination, however, this apparent difference in power is largely a function
of how VEy(7,V) and V Epp(7) parameterize vaccine effects on VL differently. The two
parameters (and thus the power to detect them) are affected differently by values of A peak
log-VL under our simulation model. As we discussed in Sections 4.5.1 and 4.6, V Erp(7)
depends on the proportional reduction in the mean peak log-VL (in addition to V Eg).
VEyp(7,V) on the other hand, depends on the proportional reduction in the probability
of people infected at / before time 7 having VL cross VL threshold V' at / before time 7
(again, in addition to V Eg). Table 9.1 shows the values of V Ey(7,V) for V € {4,5,6} and
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VESp(7) for a range of V Es and and A peak log-VL values in our simulation model. It is
clear that V Ey 1 (7,5) and V Ey (7, 6) are higher than V E$,(7) for the same combination of
V Eg and A peak log-VL, and the gap increases with A peak log-VL. Since we expect higher
power to detect larger values of V' E, the gap in power between the two analyses makes sense.

Further simulation studies could assess differences between the two methods under different

VL models.

VEs A peaklog-VL VEy(1,4) VEy.(1,5) VEy.(1,6) VE$(7)

0 0 0.00 0.00 0.00 0.00
0 1 0.08 0.18 0.30 0.11
0 2 0.22 0.39 0.58 0.23
0.2 0 0.20 0.20 0.20 0.20
0.2 1 0.27 0.35 0.44 0.29
0.2 2 0.37 0.51 0.66 0.38
04 0 0.40 0.40 0.40 0.40
0.4 1 0.45 0.51 0.58 0.47
0.4 2 0.53 0.63 0.75 0.54

Table 9.1: Values of VEy(r,V) for V € {4,5,6} and V ES,(7) for a range of V Eg and and
A peak log-VL values
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Chapter 10

DISCUSSION

In this thesis, we carefully defined and outlined estimation techniques for different forms
of vaccine efficacy for transmission potential (V Erp) and vaccine efficacy for viral load
threshold V Ey (V). We also defined and outlined an estimation technique for a discrete
covariate-adjusted form of V Erp. Such parameters and strategies are motivated by a de-
sire to understand vaccine effects on infectiousness without conditioning on infection. The
transmission potential endpoints and corresponding efficacy parameters rely on proxies of
infectiousness; we discussed a number of possible infectiousness proxies derived from vi-
ral load and how they are estimated from real-world data. We also conducted simulations
studies based on an ongoing COVID-19 vaccine trial design with simulated viral load trajec-
tories based on real-world data to validate the described methods and compare results from

different tests.

The simulations showed that, in addition to being valid methods for inference, the tech-
niques for V Erp and V Ey (V) have power to detect vaccine effects on viral load / transmis-
sion potential without conditioning on infection, especially in high V Eg settings. When we
compare power to detect V Erp to analyses of post-infection endpoints that condition on in-
fection, we see higher power in scenarios with moderate-to-high V Eg. Since real-world data
collected as vaccines have rolled out have indicated that V' Es may actually be moderate-to-
high, these unconditional endpoints provide an attractive choice as a primary or secondary

endpoint in clinical trials.

Importantly, this comparison between the conditional and unconditional analyses here
does not account for the issue of post-randomization selection bias. Such methods are beyond

the scope of this analysis, but it is likely that accounting for this bias would lower the power of
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conditional analysis, making the product method even more preferable. Additionally, V Erp
provides fuller context on the total vaccine effect on onward transmission than conditional
vaccine effects alone. For example, in scenarios where the vaccine effect on VL conditional
on infection is detrimental (e.g., people who would have had low VL end up not getting
infected, leaving only high VL infections), conditional VE would show a harmful vaccine
effect on VL, whereas V Erp would account for the people who are never infected. This
distinction is particularly important for setting appropriate public health policies that apply
to vaccinated people. Unconditional V Erp is a useful parameter to inform policy decisions
that affect risk of vaccinated people in general transmitting to others (e.g., mask-wearing
guidance, social distancing). Conditional VE parameters should also play an important
role in setting health policy for vaccinated people who have become infected (e.g., isolation
guidelines).

Furthermore, we demonstrated that tests to detect V Ey (V') without pre-specifying a VL
threshold V' also have decent power in high V' Eg settings. The relative power of analyses of
V Erp to analyses of V Ey (V) depends on the type of vaccine effect on viral load; choosing
one over another is more of a scientific question (e.g., which endpoint is more likely to
characterize the true nature of infectiousness, what is the likely form of the vaccine effect
on viral load) than a statistical question. That said, further simulation studies could more

deeply explore the differences between the methods.

There are a number of downsides to both V Erp and V Ey (V). First, an analysis V Erp
relies selecting a proxy of infectiousness, which can be difficult to do for novel diseases where
patterns of transmission are not yet fully understood. Different proxies for infectiousness
have different trade-offs as discussed in Chapter 2. Generating more reliable / accurate
proxies of infectiousness or establishing / verifying surrogates of infectiousness would drasti-
cally improve the usefulness of V Erp in public health policy making purposes. In addition
to improving proxies for infectiousness, these conditional analysis methods could be applied
to actual measures of infectiousness (e.g. X in cumulative transmission endpoint is the num-

ber of confirmed secondary transmission events from an infected person), though we would
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then face previously discussed issues with directly tracking secondary transmission events.
Additionally, in the COVID-19 setting (and likely in the context of other acute respiratory
infections to which these approaches could be applied), accurately estimating proxies of in-
fectiousness using empirical estimators requires frequent diagnostic testing and VL sampling
post-infection so that the most informative periods of viral shedding can be detected. Such
a requirement places a burden on trial participants, which can lead to substantial amounts
of missing data (which we do not explore here). Model-based estimators may lower this

burden, but can be difficult to validate and may introduce bias if the model is mis-specified.
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Appendix A
ADDITIONAL SIMULATION RESULTS
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Figure A.1: Power to detect vaccine effect on log-VL AUC, conditional on infection, and
V ESp(7) across a range of V Eg values.
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Figure A.2: Average 95% simultaneous confidence bands (blue lines) compared to average
pointwise 95% confidence intervals (red dots) for V Ey . (V, 1) for all V € {4,5,6}, based on

1,000 simulated trials with V Eg = 0, A peak log-VL =0
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Figure A.3: Average 95% simultaneous confidence bands (blue lines) compared to average
pointwise 95% confidence intervals (red dots) for V Ey . (V, 1) for all V € {4,5,6}, based on

1,000 simulated trials with with V Eg = 0, A peak log-VL =1
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Figure A.4: Average 95% simultaneous confidence bands (blue lines) compared to average
pointwise 95% confidence intervals (red dots) for V Ey . (V, 1) for all V € {4,5,6}, based on

1,000 simulated trials with with V Es = 0.4, A peak log-VL =0



