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ARTICLE INFO ABSTRACT

Keywords: Background: Correlates of protection (CoPs), defined as immune markers statistically correlated with vaccine

Immune correlate of protection efficacy (VE), can be used to accelerate vaccine development. Different components of the immune response may

i:/OVI'D-IQ be important for protection against infection and against progression from asymptomatic infection to symp-
accine

tomatic or severe disease. However, CoPs are typically evaluated for these outcomes separately, which can lead
to some CoPs not being identified. We propose a novel statistical framework for the integrated evaluation of CoPs
for infections with multiple potential outcomes.

Methods: We developed a model of the natural history of an infection that can identify CoPs at each stage of
infection and disease progression and implemented this model in a Bayesian estimation framework. We validated
the model on simulated data then applied it to individual-level clinical and serum neutralising and binding
antibody data from COV002 (NCT04400838), a phase II/III trial of the ChAdOx1 nCoV-19 (AZD1222) vaccine.
We explored logistic and non-parametric (cubic spline) relationships between VE and the candidate CoPs.
Results: Both parametric and non-parametric forms of the model accurately estimated the relationships between
the immune CoP and VE against infection (VE;,) and against progression to symptoms given infection (VE,,) in
1000 simulated trial datasets. In the COV002 correlates subset (2227 participants, 5315 samples), SARS-CoV-2
spike-specific IgG was positively associated with both VE;, and VE,, (average proportion of VE mediated by spike-
specific IgG, 27 % (95 % CI 2-88 %) for VE;; and 41 % (95 % CI 0-96 %) for VE),). Pseudoneutralisation antibody
titres and receptor binding domain (RBD) specific serum IgG showed similar correlations.

Conclusion: Integrated analysis of multiple disease outcomes and candidate CoPs enables the identification of
CoPs that operate at different stages of disease progression, which are missed when evaluating outcomes
separately.

Clinical trial
Statistical method
Bayesian statistics

1. Introduction protection [3]. A mechanistic CoP (mCoP) is itself an effector of pro-
tection; it lies on the causal pathway between vaccination and the risk of

A central goal of vaccine development is the identification of im- the clinical outcome, while a non-mechanistic CoP (nCoP) does not itself

mune markers that can be used to predict vaccine efficacy (VE) [1].
These correlates of protection (CoPs) can help to accelerate vaccine
development by allowing early selection of candidates and, in some
cases, vaccine licensure without the need for costly and large phase III
efficacy trials [2]. Plotkin and Gilbert (2012) defined CoPs as immune
markers that statistically correlate with protection after vaccination, and
differentiate between CoPs that play a causal or non-causal role in

induce protection, but it can be used to predict protection through its
correlation with the (possibly unmeasured) immune effector.

Since the first formalisation of CoP classification by Prentice in 1989
[4], a drive to accelerate vaccine development has prompted increased
interest in the use of CoPs and their validation methods [5]. Gilbert et al.
[6] discussed the theoretical basis, assumptions, and applications of the
state-of-the-art approaches in a recent review. Of note, they outline two
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distinct statistical frameworks that were widely applied in SARS-CoV-2
vaccine trials to elucidate the role of binding and neutralising antibodies
in protection against COVID-19: “controlled VE” (cVE) and “mediation
of VE” [7-11].

The cVE framework is based on the controlled effects framework of
causal inference [12,13]. Introduced by Gilbert et al. (2022) [14], this
approach provides an estimate for VE at different values of an immune
marker if all trial participants were assigned to the vaccine arm at those
values. It relies on a large dataset and on the assumptions that i) all
confounders of the effect of the immune marker on the clinical outcome
are controlled for; ii) all participants are capable of exhibiting each
value of the immune marker.

Mediation of VE is a causal inference approach advocated by
Cowling et al. (2019) [15], that is based on the natural effects frame-
work of causal inference [16]. It aims to estimate causal rather than
associational relationships between immune markers and clinical out-
comes, by estimating the proportion of VE that is mediated by the CoP.
This approach requires the same assumptions as the controlled effects
approach, and additionally that iii) vaccination does not alter the rela-
tionship between the immune marker and the clinical outcome; iv) there
is sufficient overlap in immune marker values across trial arms to be able
to estimate VE not mediated by the immune marker (i.e. we can estimate
the relative risk of the outcome of interest for placebo and vaccinated
individuals at the same level of the immune marker).

Infection typically results in a range of clinical outcomes, reflecting
disease natural history (e.g., varying severity) or different disease pre-
sentations (e.g., symptom groupings). Clinical trials collect data on
many of these outcomes to not only define the primary outcome but also
to gain a thorough understanding of a vaccine candidate’s impact and to
enhance statistical power [17]. When a vaccine protects against disease
progression in addition to infection, VE will vary depending on the
clinical outcome of interest. For example, COVID-19 vaccines provided
greater protection against severe clinical outcomes such as hospital-
isation and death than milder outcomes like asymptomatic infection
[18].

Identifying CoPs in the context of infections with multiple potential
outcomes can be challenging, since different components of the immune
system may vary in their importance for protection against infection or
disease progression [19]. Additionally, intermediate outcomes may
represent either a failure of a vaccine to protect low-risk individuals
from infection, or successful protection against progression to more se-
vere outcomes in high-risk individuals [20,21]. Typically, CoPs for each
clinical outcome are evaluated separately; however, without explicitly
modelling disease progression and its covariates, identification of im-
mune CoPs against intermediate outcomes such as asymptomatic
infection may not be possible. This was the case for the ChAdOx1-S
nCoV-19 vaccine, where neutralising antibodies were identified as a
CoP for symptomatic, but not asymptomatic infection [7]. The identi-
fication CoPs at each stage in the natural history of an infection would
give a comprehensive understanding of vaccine protection, and could
therefore be valuable for informing regulatory, vaccine development
and policy decisions.

We propose a novel approach for the evaluation of CoPs for in-
fections with multiple outcomes that explicitly models infection and
disease progression [22]. We use a Bayesian approach to estimate cVE as
a function of a candidate CoP, implemented as either a parametric or a
non-parametric model. With additional assumptions, we take a natural
effects (‘mediation of VE’) approach to estimate the proportion of VE
that is mediated by each immune marker. We demonstrate both models
on simulated datasets representing a range of potential scenarios, then
apply them to data from a phase III trial of the ChAdOx1-S COVID-19
vaccine.
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2. Methods
2.1. Conceptual framework

Our analysis framework is based on the controlled effects approach
for CoP evaluation [14]. Statistical modelling is used to contrast the risk
of infection and progression in the vaccine arm to that in the placebo
arm as a function of an immune marker. A cVE that increases with values
of the immune marker indicates a good CoP, while a flat cVE curve in-
dicates no relationship. In the causal inference literature, the role of the
immune marker in vaccine-induced protection is known as its ‘indirect
effect’, as the vaccine indirectly operates though this mediator [23]. All
other unmeasured immune functions that contribute to protection are
known as the ‘direct effects’. This terminology is potentially confusing
when used in the vaccinology field due to existing definitions of direct
VE (individual protection) and indirect VE (herd protection). In this
paper, we therefore use the terms ‘marker-mediated’ for indirect VE and
‘non-marker-mediated’ for direct VE as defined in the causal inference
literature. This terminology has been used previously in the natural ef-
fects framework of causal inference [6]. We refer to CoPs generally as
either mechanistic or non-mechanistic.

Our framework differs to those previously proposed in the explicit
modelling of the natural history of infection and disease, and the eval-
uation of candidate CoPs at multiple stages in the progression of an
infection [6]. We illustrate this framework with the simple case of an
infection that can present symptomatically or asymptomatically (Fig. 1).
We model protection against infection and against progression to
symptoms as independent functions of vaccination, indirectly through
correlation with a candidate CoP and directly through other unmeasured
immune functions. This allows for the differing contributions of immune
effectors at each stage. In a population with previous pathogen or vac-
cine exposure, immune measurements in the placebo arm may be non-
zero and correlate with risk of infection or disease. In the application
presented here, we assume that the immune marker is zero (or below the
lower limit of quantification, LLOQ) in the placebo arm. This assumption
can be relaxed; there just needs to be overlap in the immune marker
values between the vaccine and placebo arm to allows estimation of
protection provided by the vaccine through immune effectors other than
the measured CoP (the non-marker-mediated VE; assumption iv above)
[14]. If we also assume that there is no interaction between the marker-
mediated and non-marker mediated VE (assumption iii above), we can
take a natural effects approach to estimate the proportion of overall VE
that is mediated by the CoP.

2.2. Model implementation

We adapted a model previously developed for the analysis of VE
against multiple outcomes to allow for the analysis of CoPs [22]. The
model is a Bayesian hierarchical generalized regression model, illus-
trated here for a clinical trial of a vaccine against an infection that can
present symptomatically or asymptomatically (but which can be
extended to multiple disease stages; Supplementary Methods). We as-
sume that the number of infections experienced by individual i in a given
time period (e.g., length of follow-up) follows a Poisson distribution,

Z; ~ Poisson(A;) (€]
with mean A; = E(Z;) depending on their vaccination status, duration of
follow-up (t;), hazard of infection in the population during the follow-up

period (in this example, assumed to be a constant a) and other potential
covariates (x;, e.g. age), such that in the placebo arm,

log(Ai) = a+ Y _ Bxi+log(t) @)
j=1

where f; is the regression coefficients for variable j and m is the number
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Fig. 1. Flow diagram of conceptual framework of the immune correlates of protection (CoP) model. Inmune marker-mediated protection is shown with arrows
labelled “a” and non-marker-mediated protection is shown in arrows labelled “b”. VE;; = vaccine efficacy against infection, VE,, = vaccine efficacy against pro-

gression to symptoms.

of covariates. In a vaccinated individual, the cumulative hazard of
infection is reduced by the vaccine induced protection against infection

log(Ay) = a+ > Bxi+1log(1 - VEn(y:) ) +log(t:) ®3)

=1

where VEp (y;) represents the VE against infection for that individual’s
level of the immune marker y;.

The probability of symptoms in an infected individual i (6;) is esti-
mated in the same Bayesian regression using a logistic link function and
also can depend on vaccination status and other covariates (x;). In the
placebo arm, the probability of symptoms in those infected is estimated
using logistic regression,

lOgit(gi) =&+ Z KjXi (4)
=1

where ¢ is the log odds of symptom development, and «; is the regression
coefficient for covariate j. In the vaccine arm, the probability of symp-
toms is reduced by the VE against progression, VE, (yi). VEj, and VE,,
are estimated as a function of the candidate CoP either parametrically or
non-parametrically. In both models we assume VE;, and VE,, range be-
tween 0 % and 100 %.

Average VE against symptomatic infection (VE;,,) and VE against
asymptomatic infection (VEqm) can be calculated from VE, (yi) and
VE,(y;) averaged across the vaccinated population [20] (Supplemen-
tary Methods).

We estimated model parameters for simulated and actual datasets by
fitting a Poisson regression model using a Hamiltonian Markov Chain
Monte Carlo (MCMC) algorithm in the Rstan package [24] in the R
statistical environment [25]. Other regression models such as logistic or
Cox proportional hazards regression could also be used but we do not
explore that further here. We use MCMC to sample each parameter’s
posterior distribution and estimate the posterior distribution for VE
across a range of CoP values. We take the mean and 2.5th and 97.5th
percentiles of the distributions to give a point estimate and 95 % credible
intervals (CrI). We ran all analyses with 4 chains, a warmup period of
1000 iterations and a total of 2000 iterations. Convergence was diag-
nosed based on the R convergence diagnostic (all R values were below
1.05 for all parameters) and trace plots that indicated good mixing. Code
is available online [26].

2.3. Parametric VE estimation
We define total VE against infection (or disease progression) at a

given level of the immune marker, y, as the sum of the marker-mediated
(M(y)) and non-marker-mediated (N) VE:

VE(y) = M(y) +N )

The marker-mediated VE is modelled as a logistic function of the
CoP, scaled by the maximum total VE, o.

c

M(y) = 1 4 e *(rvs0)

(6)

where yso is the measure of CoP at which 50 % of the maximum marker-
mediated protection is provided and k is the slope of the relationship
between VE and the candidate CoP]. The non-marker-mediated VE is
given by N = oc, where c is a constant to be estimated. In this appli-
cation, we assume that c is the same for all vaccinated individuals, and
that M(y) depends only on the candidate CoP y. However, the model can
be extended to allow these parameters to depend on other covariates (e.
g. age).

We used non-informative, uniform priors on all parameters.
Regression parameters were allowed to vary between -Inf and Inf, ¢ was
bounded between 0 % and 100 %, yso was restricted between the upper
and lower bounds of the measured CoP distribution, and k restricted
between 0 and 50 to aid model convergence, meaning that we assumed
either a null or a positive relationship between the candidate CoP and
cVE.

2.4. Non-parametric VE estimation

We also implemented the model of total VE against infection and
against disease as (independent) non-parametric cubic spline re-
gressions on the immune measurement with a logit link function. We
assumed all individuals showed the same relationship between the
candidate CoP and total VE. Knots were placed evenly along the distri-
bution of the CoP in the vaccine arm, with one knot at the maximum and
minimum values (Supplementary Methods). We used normal priors on
the cubic spline average slope (mean = —5, standard deviation =2) and
basis weights (mean = 0, standard deviation =1) which equates to a
prior assumption for VE of 0 % across CoP values after transformation
with the inverse logit. Consistent with the parametric model, we
assumed total VE can range between 0 % and 100 %.

2.5. Application to simulated data

To demonstrate the applicability of the models to a range of disease
and vaccine characteristics, we applied them to four simulated datasets.
All datasets had a sample size of 10,000 individuals, with 1:1 allocation
to vaccine or placebo. Participants were followed up for one year and
censored after infection. For all participants, the force of infection, A; =
30% per year before accounting for VE;,, and probability of symptoms,
6; = 0.5. We simulated a normally distributed log;( antibody distribu-
tion in the placebo arm with a mean of —8 and standard deviation of 1. A
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fifth of participants in the vaccine arm were assumed to be non-
responders with the same antibody distribution as the placebo arm.
The remainder were given a log;o antibody distribution with a mean of
0 and standard deviation of 1.5 (Supplementary Fig. 1).

In scenario A (‘baseline’) we modelled a characteristic CoP that
protects against both infection and progression to symptoms. We
assumed the protection provided from unmeasured immune functions
for VE,, was greater than that for VE;, (non-marker-mediated VE;, = 10
%, non-marker-mediated VE,, = 30 %). ¢ for VE;; was 70 %, while for
VEpr,c = 100 % protection was possible. The rate of increase of VE with
the immune CoP was assumed to be equal for infection and progression
(k = 2), but a lower antibody titre was necessary for some CoP-induced
protection from symptoms than from infection (yso = 0 for VE,, and 2 for
VE;,). All other scenarios were given the same parameter estimates
except the following modifications. In scenario B (‘all VE marker
mediated’), all protection was mediated by the CoP and ¢ = 100 % for
VE;, and VE,. For scenario C (‘no VE against progression’), VE, = 0 and
o =100 % for VE;,, and for scenario D (‘no VE against infection), VE;, =
0 and ¢ = 100 % for VE,,. VEsn, and VEy, were calculated from the
simulated VE;;, and VE,. All parameters are summarised in Supple-
mentary Table 1. Sensitivity analyses validating the approach for a
smaller sample size and for case-cohort sampling are provided in the
Supplementary Methods.

Both models were run on 1000 simulated datasets for each scenario
and the relationship between the candidate CoP and VE;, and VE, was
estimated across the range of CoP values for each simulation. To eval-
uate the performance of each estimate, we recorded the mean and 2.5th
and 97.5th percentiles of the posterior mean estimated VE values, the
coverage, and the precision at i) the assumed LLOQ for the CoP, ii) the
median CoP value in the vaccinated responders, and iii) the 95th
percentile of the CoP value in the vaccinated responders. Coverage is
defined as the proportion of simulations that include the true value
within the 95 % credible interval. Precision was calculated as the root
mean square error (RMSE) across all simulations for the posterior mean
estimated VE compared with the true VE.

2.6. Application to COV002

2.6.1. Description of COV002

The trial data used in this analysis comes from the University of
Oxford sponsored phase 2/3 clinical trial, COV002 (NCT04400838).
COV002 was a single-blind, multicentre, randomised phase 2/3 trial
assessing the safety and efficacy of the SARS-CoV-2 ChAdOx1 nCoV-19
(AZD1222) vaccine. A detailed description of the trial and the protocol
has been previously published [27-30]. The study was approved in the
UK by the Medicines and Healthcare products Regulatory Agency
(reference 21584,/0428/001-0001) and the South-Central Berkshire
Research Ethics Committee (reference 20/SC/0179). In this analysis we
have clinical, socio-demographic, and immunogenicity data from May
28th 2020 until the February 25th, 2021 data cut.

The primary outcome was VE against PCR-confirmed symptomatic
SARS-CoV-2 infection, detected through testing in response to reporting
of symptoms consistent with COVID-19 (fever >37.8 °C, cough, short-
ness of breath, anosmia or ageusia). VE against asymptomatic infection
was estimated as a secondary outcome, and asymptomatic infections
were detected with weekly nose and throat swabs conducted by trial
participants at home.

Immunogenicity data were collected from a proportion of partici-
pants at 28 days post the second vaccine dose (post-boost +28 days,
PB28). Here, we analyse i) Anti-SARS-CoV-2 spike IgG, ii) Anti-SARS-
CoV-2 receptor binding domain (RBD) IgG and iii) pseudo SARS-CoV-
2 spike neutralisation. Anti-SARS-CoV-2 spike and RBD IgG were
measured by a multiplex immunoassay, as the number of binding anti-
body units per millilitre (BAU/ml), while antibody neutralisation was
measured with a lentivirus-based pseudovirus expressing the SARS-CoV-
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2 spike protein, as the neutralisation dilution for 50 % virus inhibition
(IDsp). Full details of assay validation are given in [7]. All serum samples
from symptomatic cases and 15 % of non-cases from the efficacy cohort
were tested, where the sample volume allowed [7]. As in previous
COVO002 analysis [7], we assumed the missingness mechanism was
missing at random and accounted for this using inverse probability
weights (Supplementary Methods). We also accounted for variation in
exposure to infection with covariates in the log-linear regression model
for the number of infections (Supplementary Methods). Immune marker
values were logjo-transformed prior to analysis. Values that were
censored at the LLOQ were imputed with the value LLOQ/2.

We defined the correlates population as participants who met the
eligibility criteria for the primary outcome efficacy analysis: seronega-
tive at baseline, PB28 visit between 14 and 42 days after the second
dose, follow-up for at least 7 days after PB28, no prior evidence of SARS-
CoV-2 infection. Only participants who received two doses of either
vaccine or control were included, regardless of their dosage (standard or
low dose). As study participants were allowed to unblind once SARS-
CoV-2 vaccines became publicly available, we censored after i) SARS-
CoV-2 infection, ii) unblinding, or iii) February 25th, 2021, whichever
was earliest.

In the parametric CoP models, we tested the null hypotheses that
each candidate CoP was not associated with VE;, or VE, (i.e. slope
parameter, k = 0) using the Savage-Dickey density ratio (SDDR) (Sup-
plementary Methods) [31].

3. Results
3.1. Simulation results

The simulated relationships between the candidate CoP and VE are
shown in the left-hand column of Fig. 2. VE;, and VE,, were assumed to
follow a scaled logistic relationship with the CoP, which implied a
similar relationship for VEg,, but a non-monotonic relationship for
VEasym. In scenarios A (baseline) and B (all VE marker mediated), VEusym
was lowest at intermediate levels of the candidate CoP (i.e. immunity at
this level mainly protects against disease progression but not against
infection, leading to a negative VE against asymptomatic infection).

Both the parametric and non-parametric models accurately esti-
mated the relationship between the simulated CoP and controlled VE in
all four scenarios (illustrated in Fig. 2 for a single simulation; full results
in Supplementary Tables 2 and 3). Across the 1000 simulations, the
coverage of the VE credible intervals for the parametric model at the
LLOQ, median and upper 95th percentile of the CoP in the vaccine arm
responders ranged 93 %-98 % for Scenario A (baseline), 83 %-96 % for
Scenario B (all VE marker mediated), 92 %-98 % for Scenario C (no VE
against progression), and 93 %-98 % for Scenario D (no VE against
infection) for VE; and VE, (Supplementary Table 2). The lowest
coverage estimates were observed when the true VE;, or VE,, was close
to the limits of its possible range (i.e. 0 % or 100 %). The non-parametric
model accurately estimated VE where there were sufficient data but was
biased towards zero at the limits of the vaccine arm CoP distribution
where there were few data points, reflecting the prior distribution
chosen for the spline function (Supplementary Table 3). Estimated
parameter values for the parametric model are provided in Supple-
mentary Table 4.

Sensitivity analysis validating the model on data with unrepresen-
tative sampling (preferential sampling of cases, particularly those in the
vaccine arm) with inverse probability weighting showed good conver-
gence to the true values of VE for both the parametric and non-
parametric models, while a smaller trial size (N = 1000) gave greater
uncertainty in VE estimation (Supplementary Figs. 4 and 5).
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Fig. 2. Simulated (actual) and estimated relationships between an immune correlate of protection and controlled vaccine efficacy (VE). Rows show scenarios A -
baseline, B — all VE marker mediated, C — no VE against progression and D — no VE against infection. Columns show the true simulated relationship, parametric, and
non-parametric model estimates. Model-estimate figures show the mean and 95 % credible intervals of one randomly selected simulation. Model estimates for all

1000 simulations are summarised in Supplementary Tables 2 and 3.
3.2. COV002 results

8558 participants were eligible for the full analysis dataset and 2227
participants had a serology sample for at least one assay, making them
eligible for the correlates subset. Among the eligible participants in the
vaccine arm, 750 (17.6 %) had a neutralising antibody reading and 1239

(29.1 %) had a spike/RBD binding antibody reading. In the placebo arm,
431 (10.1 %) and 828 (19.4 %) had neutralising antibody and spike/
RBD binding antibody readings, respectively. The baseline characteris-
tics of the full analysis dataset and the correlates subset are provided in
Supplementary Table 5. Antibody distributions at PB28 across the three
candidate CoPs are shown in Supplementary Fig. 6.
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All measured candidate CoPs showed an increase in controlled VE;,
and VE,, with increased concentration when using either the parametric
or non-parametric model (Fig. 3 and Supplementary Fig. 7 respectively).
In the parametric model, measured neutralising antibodies provided on
average across the vaccine arm, 8 % (95 % CrI 0-37) protection against
infection and 15 % (95 % Crl 0-39) protection against symptom
development (marker-mediated VE; Table 1). Other (non-measured)
vaccine-induced immunity provided on average a further 52 % (95 % CI
22-66) protection against infection and 23 % (95 % CrI 1-44) protection
against symptom development (non-marker-mediated VE). This gave
estimates of 13 % (95 % Crl 0-57) and 36 % (95 % CrI 0-94) for the
proportion of protection against infection and progression mediated by
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neutralising antibodies, respectively. Compared to neutralising anti-
bodies, estimates for the proportion of protection mediated by measured
spike and RBD IgG antibodies were slightly higher (Table 1). For spike
1gG, 27 % (95 % CrI 2-88) and 41 % (95 % CrI 0-96) of the protection
against infection and progression, respectively, was mediated by spike
1gG, while for RBD IgG, these estimates were 24 % (95 % CrI 2-89) and
39 % (95 % Crl 0-96).

Between the LLOQ and the 95th percentile of the neutralising anti-
body distribution, the parametric model estimated an increase in VE;,
from 58.4 % to 63.8 % and an increase in VE, from 30.2 % to 45.4 %
(Table 2). At the spike IgG LLOQ, VE;, was estimated at 44.5 % and VE,,
at 28.0 %. Both were higher at the 95th percentile of the CoP, where VE;,
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80

60

40

MLL “
0

1
1
1
4
'

1.5 20 25 3.0 35

O
(2]
=4
(on
-
f=5
150 S
o
e
S
100 =
(o
o
Q.
<
50 &
5
o 8
1 2 3 4 5 6 2
(o2
: Q
; 150 &
: 100
1
: 50
=
= — 0

2 3 - 5 6

RBD IgG antibodies (log,, BAU/ml)

Fig. 3. Parametric model estimated controlled vaccine efficacy (VE;, and VE,,) as a function of neutralising antibodies, spike IgG antibodies, and RBD IgG antibodies
in the COVO002 trial, alongside the implied VEgy,, and VE;y,. Dashed line represents the lower limit of quantification (LLOQ) for each assay. Neutralising antibodies
LLOQ = 1.60 log;o IDsy, spike IgG LLOQ = 1.52 log1o BAU/ml, RBD IgG LLOQ = 2.31 log1o BAU/ml. VE estimates are the mean (lines) and 95th percentiles (ribbons)
of the distribution of VE estimates generated across antibody titre for each MCMC iteration. Bars represent the distribution of each candidate CoP in the vaccine arm.
Values < LLOQ were given a value of LLOQ/2.
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Table 1

Parametric model parameter estimates for vaccine efficacy against infection and
disease progression as a function of neutralising antibodies, spike IgG anti-
bodies, and RBD IgG antibodies in the COV002 trial. VE;, = vaccine efficacy
against infection; VE,. = vaccine efficacy against progression to symptoms.

VE Parameter Mean VE, % (95 % Crl)

VE; VE,,
Neutralising antibodies
Non-marker-mediated 52 (22, 66) 23 (1, 44)
Marker-mediated 8 (0, 37) 15 (0, 39)
Proportion marker-mediated 13 (0, 57) 36 (0, 94)
Average1 61 (53, 68) 37 (23, 50)
Maximum 75 (58, 98) 54 (30, 93)
Spike IgG antibodies
Non-marker-mediated 43 (5, 62) 25 (1, 46)
Marker-mediated 17 (1, 54) 17 (0, 43)
Proportion marker-mediated 27 (2, 88) 41 (0, 96)
Average1 60 (52, 67) 42 (29, 53)
Maximum 79 (60, 99) 49 (31, 84)
RBD IgG antibodies
Non-marker-mediated 45 (11, 61) 25 (2, 47)
Marker-mediated 15 (2, 49) 16 (0, 42)
Proportion marker-mediated 24 (2, 89) 39 (0, 96)
Average' 60 (52, 67) 41 (29, 53)
Maximum 77 (61, 97) 49 (31, 84)

! Mean VE across trial population; Crl = credible interval.

Table 2

Parametric and non-parametric model estimates for vaccine efficacy against
infection and against progression to symptoms at given antibody titres in
COV002. LLOQ = lower limit of quantification, VE;,= vaccine efficacy against
infection, VE,-= vaccine efficacy against progression to symptoms. Neutralising
antibodies LLOQ = 1.60 log;o IDso and 95th percentile = 2.93 log;o IDso, spike
IgG LLOQ = 1.52 log;0 BAU/ml and 95th percentile = 5.08 log;o BAU/ml, RBD
IgG LLOQ = 2.31 log;o BAU/ml and 95th percentile = 5.54 log;o BAU/ml.

Parametric estimated VE (%, Non-parametric estimated VE

95 % Crl) (%, 95 % Crl)
VE; VE, VEin VE,
Neutralising antibodies
LLOQ 58.4 30.2 56.8 29.0
(48.1-66.9)  (8.8-47.1) (42.5-68.2)  (12.6-48.5)
95th percentile  63.8 45.4 65.5 38.6
(54.6-73.7)  (26.8-68.0) (48.1-78.3)  (15.2-65.0)
Spike IgG antibodies
LLOQ 44.5 28.0 52.5 30.0
(10.9-62.0)  (2.7-47.7) (14.2-87.7)  (5.1-71.0)
95th percentile  71.4 44.1 72.5 42.5
(58.3-83.7)  (30.4-60.7) (60.6-82.1)  (23.7-61.9)
RBD IgG antibodies
LLOQ 46.9 30.0 63.1 31.9
(20.5-61.4)  (4.3-48.5) (25.5-90.1)  (5.8-72.6)
95th percentile  70.4 43.2 72.9 36.4
(58.5-81.6)  (29.7-56.9) (60.2-83.3)  (13.8-61.3)

Crl = credible interval.

was estimated at 71.4 % and VE),, at 44.1 %. For RBD IgG, VE;, and VE,,
increased from 46.9 % to 70.4 % and 30.0 % to 43.2 % between the
LLOQ and 95th percentile, respectively. Estimates from the non-
parametric model were consistent with the parametric model but ten-
ded towards VE = 0 % where data were sparse as a result of the choice of
priors (Table 2; Supplementary Fig. 7).

Hypothesis testing with the SDDR on the parametric model slope
parameters found ‘moderate’ evidence for a relationship between neu-
tralising antibodies and VE,- (SDDR = 3.77) and ‘anecdotal’ evidence
with VE;, (SDDR = 2.15). For spike and RBD IgG, the evidence was
‘moderate’ for both VE;, and VE,, (SDDR spike VE;, = 4.03, spike VE,, =
3.61, RBD VE;;, = 5.07, VE, = 3.40).
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4. Discussion

In this paper we demonstrated how a novel method for analysing
candidate CoPs for infections with multiple outcomes can characterise
their roles at each stage in the natural history of an infection. We vali-
dated parametric and non-parametric forms of the model using simu-
lated data for an infection with two potential outcomes (symptomatic or
asymptomatic), then estimated the roles of three candidate CoPs for
protection against infection and symptom development for the ChA-
dOx1 nCoV-19 vaccine.

Simulations showed that non-monotonic relationships between
VEusym and a candidate CoP can arise when a vaccine protects against
both infection and symptom development. VEy, can be negative when
a greater proportion of vaccinated individuals are protected from
developing symptoms rather than from infection, such that vaccinated
individuals are more likely to experience an asymptomatic infection
than placebo recipients. This can lead to complex relationships between
the CoP and VE against intermediate outcomes in the disease progres-
sion pathway, such as asymptomatic infection, when the CoP is corre-
lated with both VE;, and VE,.. For example, as seen in scenarios A
(baseline) and B (all VE marker mediated), if protection against pro-
gression to symptoms occurs at lower levels of the CoP than protection
against infection, VEqm will decrease as the CoP and VE, increase.
Once the CoP reaches high enough levels to protect against infection, the
rate of decline in VEgy, will decrease and may ultimately increase. In
these cases where a CoP contributes to protection from infection and
progression, traditional separate analysis of symptomatic and asymp-
tomatic outcomes may identify the CoP for VE against symptomatic but
not asymptomatic infection. This was the case in the original analysis of
the COV002 antibody data, where no relationship between immune
markers and VEq, were found [7]. Here we show that spike and RBD
IgG and neutralising antibodies provide a degree of protection against
both infection and progression to symptoms — although other immune
functions (e.g. T cells) likely also play a role (proportion of protection
spike IgG-mediated for VE;, and VE,- was 27 %, and 41 % respectively).
By describing the process of disease progression, we are able to char-
acterise CoPs that would otherwise not be identified.

Our model showed that a greater proportion of protection against
infection was mediated by spike and RBD binding antibodies measured
using multiplex immunoassays than measured in a pseudoneutralisation
antibody assay. Much of the COVID-19 literature has focussed on the
role of neutralising antibodies as a CoP [32-34]. This is reasonable as
they are expected to provide a mechanistic role in protection against
invasive disease by preventing pathogen entry to the cell, and non-
human primate studies have demonstrated their role as a mechanistic
CoP [34,35]. The greater correlation with binding antibodies may sim-
ply reflect the sensitivity and dynamic range of these assays relative to
the neutralisation assay. However, the role of binding antibodies in
alerting the immune system to initiate other immune effectors should
not be overlooked. Multiple studies have demonstrated statistical cor-
relation between protection from COVID-19 and binding antibodies
[11,36,37] and they tend to be easier and cheaper to measure. Vali-
dated, repeatable assays for spike and RBD binding antibodies could
therefore be useful as mechanistic and non-mechanistic CoPs. While
other immune functions such as mucosal antibodies, non-neutralising
antibody functions and cellular immunity are expected to be impor-
tant for protection from infection and severe outcomes, there were
insufficient data to evaluate these in COV002 at the time of our analysis.

The five infectious diseases that cause the most mortality globally all
exhibit a range of severity of disease outcomes [38]. For vaccines in
development that may target different stages in the progression of these
infections, our analysis framework could be useful for understanding at
which stage, and in what way, the vaccine operates. For example, our
understanding of the importance of different immune effectors at each
stage in the progression of tuberculosis (TB) is incomplete, and the
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currently licensed live-attenuated Bacille Calmette-Guérin (BCG) vac-
cine protects young children against the most severe forms of tubercu-
losis but offers little protection against pulmonary tuberculosis for
adolescents and adults [39]. The identification of CoPs against these
different outcomes would facilitate the rational design, optimisation,
and evaluation of TB vaccine candidates currently in development, and
our integrated analytical approach could be used to simultaneously and
efficiently identify CoPs for each stage in the progression from infection
to severe disease. Additionally, given the potential population-level
impact of vaccines that protect against infection and transmission, in-
terest in mucosal vaccines that prevent infection with the organisms
causing diseases such as TB, COVID-19 and RSV disease has heightened.
Again, our approach would be useful for disentangling the roles of
different immune components at each stage of the infection.

While both the parametric and non-parametric models of the rela-
tionship between VE and candidate CoPs perform well when there are
sufficient data, the non-parametric model performs less well when data
are sparse. In the non-parametric model, we used priors that favoured a
VE of zero, such that any observed VE was informed by a true protective
effect. The decline in estimated VE at the bounds of the antibody dis-
tribution seen in the non-parametric COV002 results should be inter-
preted in light of this prior probability. Both models also show greater
bias when the true VE is close to zero or one. This is a result of using the
inverse logit transformation in the estimation of VE, as VE on the logit
scale is allowed to vary between negative and positive infinity, the
MCMC rarely samples the edges of the possible ranges. Despite this, both
models produce estimates close to the true values and accurately char-
acterise the simulated relationships across the CoP distribution. Finally,
a limitation of our analysis is that VE,, estimation is informed solely by
the infected population, which we assume is comparable across trial
arms. However, study arm is not randomised among infected individuals
and a sampling bias can be introduced if VE;, or the risk of infection vary
across the same variables that influence VE),. If these variables are
known, it is possible to minimise this bias by controlling for covariates in
the regression models for each of these model parameters (e.g. including
age as a covariate with the risk of infection and VE,).

In conclusion, independent analysis of primary and secondary out-
comes in a clinical trial when estimating CoPs is liable to miss those CoPs
that contribute to protection against intermediate stages in the natural
history of an infection. Our integrated approach facilitates the charac-
terization of each candidate CoP at the stage of disease progression at
which they act. This could be particularly important for mucosal vac-
cines that target the prevention of infection and for vaccines against
diseases with a range of severity.
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