(©Copyright 2020
Qi Dong



Analysis of Infectious Disease Incidence and Complex Survey Data
in Space and Time

Qi Dong

A dissertation
submitted in partial fulfillment of the
requirements for the degree of

Doctor of Philosophy

University of Washington

2020

Reading Committee:
Jon Wakefield, Chair
M. Elizabeth Halloran

Lurdes Inoue

Program Authorized to Offer Degree:
Biostatistics - Public Health



University of Washington

Abstract

Analysis of Infectious Disease Incidence and Complex Survey Data in Space and Time

Qi Dong

Chair of the Supervisory Committee:
Professor Jon Wakefield
Department of Biostatistics & Department of Statistics

Immunization is one of the most cost-effective health interventions for preventing infectious
diseases. Despite the tremendous advances in global immunization coverage in the past few
decades, challenges remain in many low- and middle-income countries (LMICs). Timely
and comprehensive evaluation of immunization program performance, especially at the sub-
national level, is essential for monitoring progress and planning future interventions. Since
the administrative data in many LMICs is unreliable due to inadequate health information
systems, other data sources, such as disease surveillance systems and household surveys
are turned to, to obtain valid estimates for policy guidance. This dissertation develops
statistical methods for analyzing infectious disease incidence and complex survey data in
space and time to facilitate planning and assessing immunization programs in LMICs. In
particular, we develop space-time smoothing models for estimating sub-national measles
routine immunization coverage using survey data, and build time-series models for estimating
efficacy of measles supplementary immunization activities using incidence data. We also
consider vaccination coverage mapping via Bayesian geostatistical modeling of household
survey data, demonstrate appropriate ways of accounting for the survey design in modeling,
and develop a novel approach to coverage map presentation to allow comparison and control

of the overall map uncertainty level.
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Chapter 1

INTRODUCTION

Immunization is one of the most successful and cost-effective health interventions for
controlling and preventing life-threatening infectious diseases (World Health Organization),
2020a). Between 2010 and 2018, an estimated 23 million deaths were averted with measles
vaccine alone (Patel et al., |2019). Despite the tremendous advances in immunization cover-
age in the past two decades, challenges remain in many low- and middle-income countries
(LMICs), where disease burdens are the highest (World Health Organization, 2020b). The
Immunization Agenda 2030 sets an ambitious global strategy “to leave no one behind”,
expanding the vision of the Global Vaccine Action Plan to “extend the full benefits of im-
munization to all people, regardless of where they are born, who they are or where they live”
(World Health Organization|, 2012} 2020b). Timely and comprehensive evaluation of immu-
nization program performance, especially at the sub-national level, is essential for monitoring
progress and planning future interventions (Strategic Advisory Group of Experts on Immu-
nization, 2019). Unfortunately, administrative data in many LMICs is unreliable due to
inadequate health information systems (Dunkle et al., 2014)). Therefore, other data sources,
such as disease surveillance systems and household surveys are turned to, to obtain valid

estimates for policy guidance (Cutts et al., 2013).

This dissertation focuses on developing statistical methods for analyzing infectious dis-
ease incidence and complex survey data to facilitate assessing and planning immunization
programs in LMICs. In particular, we consider estimation of vaccination coverage and im-

munization campaign effectiveness across space and time.



1.1 DMotivating examples

1.1.1 Measles vaccination coverage in Nigeria

Measles is a vaccine-preventable, highly contagious respiratory infection that affects mostly
young children (World Health Organization, 2019). According to a 2017 World Health Orga-
nization (WHO) report, an estimated 20.8 million children are still missing the first dose of
measles-containing-vaccines (MCV), and Nigeria is the country with the most unvaccinated
children (3.3 million) (World Health Organization, 2017b)). In high-burden settings, a key
strategy for increasing MCV coverage is to conduct supplementary immunization activities
(SIAs) in the form of vaccination campaigns, in addition to delivering scheduled vaccina-
tion through routine immunization (RI) programs (World Health Organization) 2017a; [The
Measles and Rubella Initiative, [2012)).

Tracking vaccination coverage in LMICs relies heavily on data from household surveys
(Cutts et al.; 2016 |Dolan and MacNeil, 2017)). In Nigeria, there are three major survey pro-
grams measuring vaccination rates: the Demographic and Health Surveys (DHS) supported
by the United States Agency for International Development (ICF, 2020al), the Multiple Indi-
cator Cluster Surveys (MICS) supported by the United Nations Children’s Fund (UNICEF)
2020), and the National Nutrition and Health Surveys (NNHS) based on the Standardized
Monitoring and Assessment of Relief and Transitions (SMART) method supported by the
National Bureau of Statistics of Nigeria (National Bureau of Statistics, 2016; SMART Tech-
nical Advisory Group|, 2006, 2017)). These surveys use similar, but nonidentical stratified
cluster sampling designs to provide national and sub-national coverage estimates for the
36 states and the Federal Capital Territory of Nigeria, i.e., the 37 administrative level 1
(admin-1) areas, and hereafter referred to as Nigeria’s 37 states. Specifically, the DHS sam-
ples were stratified by urban and rural areas within each state, whereas MICS and NNHS
were stratified only by states.

In Chapter 3, we develop a space-time smoothing model for estimating sub-national

Rl-specific coverage of the first dose of measles-containing-vaccines (MCV1) using complex



survey data. Sub-national Rl-specific coverage estimates are crucial for identifying areas
where the routine vaccine delivery systems are the weakest, and for building measles epi-
demiological models to estimate underlying susceptible population dynamics and forecast
disease incidence trends. However, measuring Rl-specific coverage through surveys in the
presence of SIAs is challenging because the questionnaires do not differentiate the source
of vaccination. Our method combines data from multiple surveys with potentially different
sampling designs, and accounts for the impact of SIAs by incorporating information from
the WHO SIA calendar (World Health Organization), |2020c). This approach is applied to
four DHS, three MICS and two NNHS surveys conducted in Nigeria between 2003 and 2018
to generate reliable estimates and associated uncertainty intervals for the Rl-specific MCV1

coverage at the state level.

1.1.2  Efficacy of measles vaccination campaigns in Benin

A common metric used for evaluating SIA effectiveness is the campaign coverage. It is cal-
culated as the ratio of the number of MCV doses administered during a campaign to the size
of the target population of the campaign. While SIAs usually have high reported campaign
coverage, it is unclear how many people are effectively removed from the susceptible popu-
lation (Mbabazi et al., 2009). A more relevant metric is SIA efficacy, defined as the fraction
of the susceptible population immunized after a measles SIA. However, estimation of SIA
efficacy has been a programmatic challenge due to difficulties in estimating the underlying
susceptible population.

In Chapter 4, we develop a discrete-time hidden Markov model under the time-series
susceptible-infected-recovered (TSIR) framework (Finkenstadt and Grenfell, 2000) to esti-
mate STA efficacy. Our approach accounts for under-reporting and seasonality of measles
transmission, and accommodates monthly reported incidence data that are publicly avail-
able from the WHO Measles and Rubella Surveillance Database for most member countries
(World Health Organization), |2020¢)). In particular, we apply our model to analyze the re-

ported measles incidence in Benin between 2012 and 2018, as an illustrative example. We



estimate the underlying susceptible population dynamics, assess how many susceptible peo-
ple were immunized by past SIAs, and forecast incidence trends in the future under various

hypothetical SIA scenarios.

1.1.3  Vaccination coverage mapping with household survey data

It is becoming increasingly popular to produce high-resolution maps of vaccination coverage
by fitting Bayesian geostatistical models to data from household surveys. The WorldPop
project (WorldPop, [2020a)) and the Institute for Health Metrics and Evaluation (IHME)
(IHME, 2020a)) are two major producers of vaccination coverage surfaces at fine spatial
scales. Their estimates are used by researchers and policy makers from organizations across
the globe (WorldPop, 2020b; THMEL 2020b)).

In Chapter 5, we discuss a number of crucial choices with respect to two key aspects of
the map production process adopted by WorldPop and THME: the acknowledgement of the
survey design in modeling, and the appropriate presentation of estimates and their uncer-
tainties. Specifically, we consider the importance of accounting for survey stratification and
cluster-level non-spatial excess variation in survey outcomes when fitting geostatistical mod-
els. We also discuss the trade-off between the geographical scale and precision of model-based
estimates, and demonstrate visualization methods for mapping and ranking that emphasize
the probabilistic interpretation of results. A novel approach to coverage map presentation is
proposed to allow comparison and control of the overall map uncertainty level. We illustrate

the various issues using the measles vaccination data from the 2018 Nigeria DHS survey.
1.2 Organization of dissertation

In Chapter 2, we provide a review of the statistical concepts that are heavily relied upon in
this dissertation. We begin with a review of survey sampling, followed by a description of
Gaussian Markov random field (GMRF) models. We give more details on intrinsic Gaussian
Markov random field (IGMRF) models as well as the stochastic partial differential equation

(SPDE) approach, which are commonly used for modeling temporal and spatial components



in Bayesian hierarchical models. Next, we briefly introduce the susceptible-infected-recovered
(SIR) models and the time-series SIR (TSIR) framework for infectious disease modeling.
We also discuss a number of Bayesian issues used in this dissertation, including penalized
complexity (PC) priors, Markov chain Monte Carlo (MCMC) and the integrated nested
Laplace approximation (INLA). Last, we describe three measures of model fit for model
assessment and comparison.

The next three chapters detail the core methodological contributions of this dissertation.
In Chapter 3, we develop a space-time smoothing model for estimating sub-national RI-
specific MCV1 coverage using complex survey data. In Chapter 4, we extend the TSIR
framework and develop a discrete time-series model for estimating SIA efficacy using monthly
measles incidence data. In Chapter 5, we focus on vaccination coverage mapping via Bayesian
geostatistical modeling of household survey data, and describe methods for acknowledging
the survey design in modeling and presenting estimates and their uncertainties appropriately.

Chapter 6 contains concluding remarks.



Chapter 2
BACKGROUND

In this chapter, we describe some of the statistical and computational tools that we will

use throughout this dissertation.

2.1 Survey sampling

We focus on binary outcomes and let Yj; be the indicator for the outcome of interest as-
sociated to individual £ = 1,...,N; in area ¢, ¢ = 1,...,I. For a given area i, a common

characteristic of interest, especially in the context of vaccination coverage, is the true propor-

Y:

~» Where Y; = Z;i,»v:l Y, is the total number of cases in the population. To

tion of cases P, =
obtain an estimate for this quantity, a survey is conducted to sample a subset of individuals
from the total population. Let I;;, denote the indicator for whether individual k£ in area 7 is
sampled in the survey, and m;; = Pr(I; = 1) denote the probability of selection. Then, the
sample size in area 7 is n; = Z,ivzl ik, and the design weight associated with individual £ in
area ¢ 1S wy, = 7Tl~_kl.

A widely-used estimator of the population proportion P; is the Horvitz-Thompson esti-

mator (Horvitz and Thompson, [1952), denoted by PHT and defined by

N; n;
. 1OVl 1 Say,
pHT = N Tk Nk (2.1)

where ;. is the observed outcome from sample &k in area i. The estimated design variance

associated with PHT is

ng

g

var [ PETY = 1 YikYik' [ Tikk’ — TikTik/ (2 2)

var | I} = N2 E E p— — .
i p—q gy | kik ikk




Population totals NN; are often unknown in household surveys, as the design weights are
commonly normalized during weight calculation. In such cases and in general, we can use
the Hajek estimator (H4jekl [1971) for population proportion estimation

n;
A w .
P = M (2.3)
k=1 Wik

The estimated design variance of the Hajek estimator can be obtained via various approxi-

mations (Lohr, 2009).

2.2 Gaussian Markov random fields (GMRF)

Let @ = [z1,...,2,]T be an n—dimensional random vector following a multivariate Gaussian
distribution with  ~ N (u, ). « is a Gaussian Markov random field (GMRF') with mean p
and precision matrix Q = X! if and only if its density 7(x) can be written in the following

form
() = (20) Qe (e~ Qe — o)
and for all 7 # 7,
Q;; =0ifand only if x; 1L z; | x_g jy, (2.4)

where x_g; ;1 denotes all elements of @ except z; and x;. The Markov property of GMRF is
apparent in the conditional independence condition described in (2.4)). It implies that given
T_g; ), the value of z; is independent of the value of x;.

The conditional mean and precision of an element z; of a GMRF x are

1
E [zi|lz_] = pi — O > Qi — 1)
J
Prec [wzlwﬂ] = Q”

where j ~ ¢ means the jth element is a neighbor of the ith element, i.e., Q;; # 0.



A GMRF x = [zy,...,2,]T is an intrinsic Gaussian Markov random field (IGMRF) with
mean p and precision matrix @ if and only if its density 7(a) can be written in the following

form

() = (25) Q) exp (5~ QU - ) )

where Q has rank n—k with k£ > 1, and |- |* denotes a generalized determinant. An IGMRF
of kth order is an improper GMRF of rank n — k and its density is invariant to the addition

of any constant. Assuming g = 0, the conditional mean and precision of an element z; of

an IGMRF x are

1
E [zi|z_i] = o > Qi
W ojijei

Prec [leac,l] = Q“

2.2.1 Second-order random walk (RW2) model

The second-order random walk (RW2) model of regular locations is an IGMRF of second
order with density

1
m(x|k) o< k"2 exp <—§a)TQa:) ,

where k is the precision parameter, and Q = xR is the precision matrix with a structure

matrix R of the following form:




The RW2 model is commonly used for temporal random effects in Bayesian hierarchical

models. It is constructed assuming independent second-order increments

Nz = (T2 — Tig1) — (Tig1 — 3) |k ~ N(0,£71).

2.2.2  Intrinsic conditional autoregressive (ICAR) model

The intrinsic conditional autoregressive (ICAR) model is an IGMRF with the density

1
m(x|k) o KD/ oy (—imTQw) :

where k is the precision parameter, and Q = kR is the precision matrix with a structure
matrix R with the following elements:
m; 1=17
Rij=<¢ -1 i~y
0  otherwise
where m; is the number of neighbors of the ith element, and j ~ ¢ means the jth element is
a neighbor of the ith element.
The ICAR model is commonly used for spatial random effects in Bayesian hierarchical

models. It can be specified conditionally via

It should be noted that the marginal variance of an RW2 or ICAR model depends on both
the dimension and the rank of its structure matrix R. Following Sgrbye and Rue| (2014),
we can scale an n—dimensional RW2 or ICAR model by obtaining the generalized inverse
of R and setting the generalized variance of ® to be 1. Specifically, let £* = R™! and
o?(x;) = X

%)

we calculate

0%y = exp (% Zlog (ﬁ(g@)) :

The scaled model is then defined to have precision kRgy where Rgy = o2y R.
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2.2.8 Stochastic partial differential equation (SPDE) approach

Rue and Tjelmeland| (2002)) first proposed to use GMRF's to approximate continuous Gaus-
sian field (GF) and presented good “proof-of-concept” results for a number of common co-
variance functions. However, their approach requires all fits to be pre-computed on a regular
grid only, hence is less desirable for practical purposes. |Lindgren et al. (2011)) proposed a
new approach and considered a stochastic partial differential equation (SPDE) whose so-
lution is a continuous Gaussian random field (GRF) with Matérn correlation. The Finite
Element Method (FEM) was then used to build a GMRF representation of the GRF, which
can be computed explicitly. The GMRF representation provides a sparse representation of
the spatial effect through a sparse precision matrix, and hence enables many favorable com-
putational properties of the GMRFs. We now briefly describe the SPDE approach proposed
by Lindgren et al. (2011]) with a focus on the case of 2-dimensional spatial field.

Consider a GRF S(s) with the Matérn covariance function within a domain D € R?.

That is, for any collection of points (s, Sa, ..., S,)T,

7(8) = (2m) S| exp (—%(S TSNS - u))

where S; = S(s;), i = p(s;) for some mean function pu(-), and X;; = C(S(s;), S(s;)) for the

Matérn covariance function C'(-,-) with a scale parameter £ > 0 and a smoothness parameter

v > 0:
21—1/
C(S(s:), S(s;)) = 0* - () s = sill)” Ky (sl[si — s41)
with || - || denoting the Euclidean distance in R? and K, being the modified Bessel function

of the second kind. Now, consider the SPDE
(K2 = A)HD25(5) = AW (s), s € R?

where A\ = (9?/0s%) + (0%/0s?) is the Laplacian operator on R* and W (s) is a spatial white

noise Gaussian stochastic process with unit variance. Lindgren et al. (2011]) show that the
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solution to the SPDE is a GRF with Matérn covariance:

S(s) = /R2 C(S(8),S(s")dW (s").

Now, a representation of the solution to the SPDE is constructed over a triangulation of
the domain (i.e., a mesh) using FEM. Specifically, the solution is approximated by a weighted

sum of basis functions
S(s) ~ Z or(s)wy,
k=1

where ¢ are basis functions, w; Gaussian distributed weights, and m is the number of
vertices in the triangulation. In particular, the weights w = [wy, we,...,w,|T are jointly
Gaussian with mean 0 and precision matrix Q. It can be shown that the sparse structure
of @ can be preserved by carefully choosing the basis functions, and the joint distribution
for the weights is a GMRF which determines the full distribution in the continuous domain.
More information can be found in |Bakka| (2018]). As such, the spatial process S(s) can be

approximated at any point inside the triangulated domain.

2.3 DModels for infectious diseases

2.3.1 The susceptible-infected-recovered (SIR) model

Historically, infectious disease data were analyzed using deterministic models based on differ-
ential equations (Anderson et al.; [1992). Models are set up based on a set of compartments
in which individuals undergo homogeneous mixing.

A widely used compartmental model is the susceptible-infected-recovered (SIR) model,
depicted in Figure 2.1 This approach is typically used when the number of disease counts is
large, and the integer numbers in the constituent S, I and R compartments are taken to be
continuous. Let x(t), y(t), z(t) be the number of susceptibles, infected, recovered individuals

at time ¢ in a closed population of size N. The hazard rate (force of infection) is

AN@t) = ¢(N) x % X pr

S~~~ ~~
Hazard Contact Rate ~ Infection Prob
Prevalence
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B(t)y(t)/N| 7y(t)

Figure 2.1: Susceptible-Infectious-Recovered (SIR) model representation. Solid arrows show

the movement from S to I to R.

Two common forms for the contact rate (Begon et al., [2002) are

(V) Crp Frequency Dependent,
C =
Necpp Density Dependent.

The frequency-dependent model is often used, particularly for childhood infections when the
most relevant contact group is the classroom, whose size will be of the same order, regardless

of the population size. Under frequency dependency,
N (t) = By(t)/N,

where 5 = ¢pp X pr.
The deterministic SIR model is defined through classic mass-action (Anderson et al.
1992). With frequency dependent transmission, we have the following set of ordinary differ-

ential equations:

da(t) pr(t)y(t)

dt N 7
d‘z—g) = —m(j\),y(t)—w(t),
dz—g) = y(?),

with infection rate 5 and recovery rate 7.
The discrete-time stochastic SIR model treats the current disease counts as a function of

previous counts on a regular time scale. One may choose the time scale to be the transmission
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dynamics time (i.e., latency plus infectious periods) or the generation time (i.e., time from
infection of a primary case to infection of a secondary case infected by the primary case).

For example, often, but not always, 2 weeks is used for measles.

2.3.2  The time-series SIR (TSIR) framework

The time-series SIR (TSIR) model is a discrete-time stochastic SIR model first described in
Finkenstadt and Grenfell (2000). It was extended in a series of subsequent papers (Bjgrnstad
et al., [2002; |Grenfell et al., [2002; |Glass et al., |2003; Morton and Finkenstadt], 2005) and has
been used to understand measles and rubella transmission in a variety of settings (Ferrari
et al., 2008; Metcalf et al) 2011; Mahmud et all 2017; Metcalf et al., |2013). Under this
framework, the infected individuals are assumed to be infectious for one time unit before
becoming removed. Therefore, we lose the recovery rate parameter and incidence is assumed
equal to prevalence.

A simple model for the susceptibles at time ¢, denoted X;, in the context of measles

without vaccination is
Xe=Xi 11— Y, +Big

where Y; is the number of infected individuals, and B;_4 is the number of births d time
units previously, with d chosen to be the number of time units for which maternally derived
immunity lasts.

The TSIR framework usually uses a negative binomial model for the number of infected
individuals. It arises as the distribution of the population size in a linear birth process
(Feller, 1950; |Cox and Miller} |1977). Details of this derivation can be found in Wakefield

et al. (2019). A classic form of the model for the number of infected individuals Y; is
YilYio1 = ye1, Xio1 = 21 ~ NegBin (p, Y1)

with

_ By T
//Jt N )
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where [ is the infection rate parameter. The power parameter « is included to allow for devi-
ations from mass action and to account for the discrete-time approximation to the continuous

time model (Glass et al., [2003)).
2.4 Bayesian analysis and computation

2.4.1 Bayesian hierarchical modeling

Bayesian hierarchical models in their simplest form comprise three levels:

The data model: yl0,¢ ~p(yl0, o)
The latent model: 0lp ~p(0|o)
The hyperparameter model: ¢ ~p(9)

where y denotes the data, 8 denotes the latent parameters, and ¢ denotes the hyperparam-

eters. The joint density of all model quantities takes the following form:

p(y,0,¢) =p(yl6,9)p(0¢)p(¢)

By Bayes rule, the posterior distribution of the latent parameters and the hyperparameters
is

p (0. bly) = LB:0:9) _ pl6.9)p(6l¢)p(9)
’ »(y) » (W)

This represents the distribution of the unknown parameters given the observed data, which

is usually the target of inference in Bayesian analysis.

2.4.2  Penalized complexity (PC) priors

Simpson et al.| (2017) described a new approach for constructing prior distributions in nested
models called penalized complexity (PC) priors. A key principle of the PC prior approach
is Occam’s razor: each prior should favor a simpler model, called the base model, unless the

data indicate otherwise. Users can determine the level of shrinkage towards the base model
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by specifying an intuitive statement about the parameter in terms of its median or other
quantiles. For example, a PC prior for the standard deviation o of a latent effect can be set

by defining parameters (u, «) so that
Prob(c >u)=a, u>0, 0 <a < 1.

In the context of this dissertation, PC priors are mainly used for precision parameters in
Gaussian random effect models. Consider & ~ N (0,Q!), where Q@ = kR is the precision
matrix. The simplest base model would be the absence of this random effect with x=! = 0. To
derive a prior for k, one can characterize the ‘distance” between the base model and a more
complex model using a function of the Kullback-Leibler (KL) distance. Using a constant
rate penalization, we will have an exponential prior for this distance and consequently a PC

prior for k in the form

A
p(k) = §/<o_3/2 exp(—Ax"?2).
If we specify the penalty parameter A as A = —@, we will obtain an equivalent form of

this prior as
Prob (,%’1/2 > u) = q,

i.e., the probability of the standard deviation o = '/ being greater than u equals a.

2.4.8  Markov chain Monte Carlo (MCMC)

Markov chain Monte Carlo (MCMC) is a common Bayesian computing approach for es-
timating posterior distributions. The basic idea is that a Markov chain whose stationary
distribution is the posterior distribution p (@|y) can be constructed so that inference for
each unknown parameter can be obtained by drawing posterior samples from the converged
Markov chain.

The Metropolis-Hastings algorithm is a widely-applicable MCMC method for obtaining

random samples from posterior distributions. The algorithm proceeds as follows:
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1. Choose an initial value, 8

2. For iteration m = 1, sample 8*|8"Y from a proposal distribution g,(6*|@1),

where o is a parameter controlling the spread of the proposal distribution.

3. Compute the acceptance probability r

_— p(6°ly)/a, (6710 ) y
P(0=D]y) /4, (6067

4. Generate random sample v from Unif(0, 1).

5. Set the value for the current iteration

gim) _ o+ if u <,

0" otherwise.
6. Repeat steps 2 through 5 for M iterations.

Before the Markov chain eventually converges to the stationary distribution, an initial
number of samples will be discarded as burn-in. In addition, the o parameter is typically
selected such that the acceptance rate across all iterations is about 20-30% (Roberts and
Rosenthal, |2009).

Another common MCMC algorithm is the Gibbs sampler, where the posterior distribution
of a parameter is known and is easy to sample from directly. It is essentially a special case
of the Metropolis-Hastings algorithm and is especially useful for parameters with conjugate
priors. The two algorithms can be easily combined to form a hybrid approach, and that is

what we will use in Chapter 4 for inference.

2.4.4 Integrated nested Laplace approzimation (INLA)

When the posterior is high-dimensional (e.g., there are many latent parameters in a Bayesian
hierarchical model) or the parameters in the posterior are correlated (e.g., the latent param-
eters are spatially and/or temporally correlated), the MCMC algorithm can be computa-

tionally expensive because convergence is slow and so a large number of MCMC samples are



17

required to explore the posterior distribution. The integrated nested Laplace approximation
(INLA) approach proposed by Rue et al.| (2009) provides a fast alternative to MCMC when
the latent effects p(0|¢) is a GMRF. Specifically, the INLA approach provides an accu-
rate approximation to the posterior marginal distributions using a combination of Laplace

approximations and numerical integration, such that the posterior marginals

p(bily) = / p (0b,9) p (Dly) db
p(dily) = / (Ply) dop_;

are approximated by

p(Oily) = /9\¢, p(oly) do
P (dily) = /¢|y dep_;

where

N p(y,0,9)
p(Ply) o< e 0164

p (b, y) Zp (Oilbg, y) P (Dgly) wy

evaluated at 8 = 6*(¢)

with pg (0]¢,y) denoting the Gaussmn approximation of p(6|¢,y), 0*(¢) denoting the
model of p (8|¢,y) for a given ¢, ¢, denoting a grid of hyperparameter ¢ and w, denoting

the associated weights.

2.5 DModel assessment metrics

We briefly describe three model assessment metrics that allow for comparison across a variety
of fitted models: the deviance information criteria (DIC), the Watanabe-Akaike information

criteria (WAIC) and the log-score conditional predictive ordinate (LCPO).

2.5.1 The deviance information criteria (DIC)

Let @ be a vector of parameters and y be the observed data, so that p(y|@) is the data

model, p(@) is the prior and p(0|y) is the posterior. The deviance, which provides a measure
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of model “mis-fit”, is defined as
D = —2log p(yl0).

Let @ = E[0|y] be the posterior mean. The effective number of parameters, which provides

a measure of model complexity, is defined as
pprc = Eg [D]y] — D(O_),

where Eq [D|y] represents the posterior mean of the deviance, and D(0) represents the de-

viance evaluated at the posterior mean 8. The DIC is then defined as

DIC = pprc + Eg [D]y]
= 2E¢ [D|y] — D(0)

= 2pprc + D(H_)

Therefore, a lower DIC value generally indicates a better model fit.

The DIC can be viewed as a hierarchical modeling generalization of the Akaike infor-
mation criterion (AIC) and Bayesian information criterion (BIC). It is based on asymptotic
arguments and may under-penalize complex models with many random effects (Spiegelhalter

et al., 2014)).

2.5.2  The Watanabe-Akaike information criteria (WAIC)

The WAIC, also known as the widely applicable information criterion, was first described in
Watanabe| (2010) and has been receiving increasing popularity. It is a fully Bayesian approach
for estimating the out-of-sample expectation, starting with the computed log point-wise pos-
terior predictive density and then adding a correction for effective number of parameters to
adjust for overfitting (Gelman et al.; [ 2014)). Specifically, the log point-wise posterior predictive

density is defined as

> logpluly) = 3 log [ p(ul6)p(6ly)do,
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and the effective number of parameters is defined as
pwaic = 3 _10gE [p(yil6)|y] — E[log p(yl0)ly]
The WAIC is then defined as
WAIC = 2pwarc — 2 Z log p(vily)

Therefore, a lower WAIC value generally indicates a better model fit.
Compared to the DIC, the WAIC utilizes the whole posterior distribution, instead of just

the posterior mean. It can be computed using posterior samples.

2.5.8  The log-score conditional predictive ordinate (LCPO)

The conditional predictive ordinate (CPO) is a leave-one-out cross-validation score. It is

defined as

CPO; = p(yily—i),

where y_; denotes the observations y with the ¢th component removed. It represents the
posterior probability of observing y; when the model is fitted to all other data. Therefore,
a higher value of CPO generally indicates a better fit of the model to y;, and a low value
suggest that y; is an outlier or influential observation.

The log-score CPO (LCPO) is defined as
1 n
LCPO = —— log CPO;
R

The negative sign is added here so that a smaller value of the LCPO indicates a better
prediction quality of the model, which is consistent with DIC and WAIC.
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Chapter 3

SPACE-TIME SMOOTHING MODELS FOR
ROUTINE IMMUNIZATION COVERAGE ESTIMATION
WITH COMPLEX SURVEY DATA

3.1 Introduction

Measles is a highly contagious viral disease. Before the introduction of measles vaccine in
1963 and widespread vaccination, major epidemics occurred approximately every 2 to 3 years
and measles caused an estimated 2.6 million deaths each year (World Health Organization,
2019). Accelerated immunization activities have had a major impact on reducing global
measles deaths. Between 2010 and 2018, measles vaccination prevented an estimated 23.2
million deaths (Patel et al., [2019). However, disease burden is still high in many low- and
middle-income countries (LMICs), particularly in parts of Africa and Asia, where vaccina-
tion remains a challenge due to poor health care infrastructure and access (World Health
Organization, |2017a)). A key public health strategy in such high-burden settings is the combi-
nation of routine immunization (RI) and supplementary immunization activities (SIAs) (The
Measles and Rubella Initiative, 2012). Although the World Health Organization (WHO) rec-
ommends two doses of measles-containing-vaccine (MCV) for all children — first at the age
of 9 months and second at the age of 15 months, most LMICs only administer one dose in
their RI schedule (World Health Organization, 2017a)). In order to increase measles vaccina-
tion coverage, SIAs are carried out in the form of mass immunization campaigns every 2—4
years. During these campaigns, health workers run fixed-post vaccination sites and provide
MCYV to all children in a pre-specified target age group, regardless of whether they have
been vaccinated previously. The aim is to immunize children missed by RI and reduce the

susceptible population.
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To achieve balanced implementations of RI and SIAs against measles, robust measure-
ment of sub-national Rl-specific coverage is crucial. Program officers rely on accurate es-
timation of local RI coverage to identify areas where the routine vaccine delivery systems
are the weakest (Biellik and Orenstein, |2018; The Measles and Rubella Initiative, |2019). In
addition, Rl-specific MCV coverage is an essential input to measles epidemiological models,
which estimate underlying susceptible population dynamics and inform optimal SIA sched-

ules (Verguet et al.| 2015; [Thakkar et al., 2019; |Dong et al., 2020b).

Despite ongoing efforts to strengthen administrative data quality (BID Initiative, 2016]),
the health management information systems in many LMICs are too weak to provide data of
adequate quality for assessing and guiding health programs (Hancioglu and Arnold| [2013).
Therefore, household surveys are the primary data sources for vaccination coverage estimates
(Cutts et al., 2016; Dolan and MacNeil, 2017). The Demographic and Health Surveys (DHS)
(ICF, |2020a) and the Multiple Indicator Cluster Surveys (MICS) (UNICEF, 2020) are two
major survey programs that report sub-national measles vaccination coverage estimates. In
addition, geospatial modeling approaches have been applied to the household survey data to
generate MCV coverage estimates at various geographical scales (Utazi et al., 2018, 2019a}b,
2020)). However, all the above-mentioned estimates are not Rl-specific — they reflect the
overall coverage of measles vaccination received via RI, STAs or both sources. These coverage
estimates can be influenced by past vaccination campaigns, and hence are not suitable for
the aforementioned Rl-specific purposes. For example, using the overall MCV coverage in
epidemiological models may lead to under-estimation of the increase of susceptible pool,
resulting in inaccurate estimation of measles transmission dynamics. To obtain Rl-specific
coverage estimates, the current method relies on only using data from birth cohorts that
have not had any SIA opportunities yet. This restriction may result in some or all data from
a household survey not being eligible for analysis — an inefficient use of already sparse data.

In this chapter, we propose a space-time smoothing model for estimating sub-national RI-
specific coverage of first dose of MCV (MCV1) using data from complex surveys. Our model
is inspired by the small area estimation methods developed by Mercer et al. (2015). The
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proposed approach is able to combine data from multiple surveys with different sampling
designs and construct sub-national coverage estimates with uncertainty that reflects the
various data collection schemes. Our method allows more efficient use of data by modeling
survey outcome not just from children who only had RI, but also from those who had RI
and an SIA opportunity. We account for the impact of SIAs by incorporating information
from the WHO SIA calendar (World Health Organization, 2020c)). As a motivating example,
we consider 8 household surveys conducted in Nigeria between 2003 and 2018 and generate
state-level estimates of Rl-specific coverage of MCV1 over time with associated uncertainty

intervals.

The chapter is structured as follows. In Section we describe the Nigeria data upon
which estimation will be based. The details of our proposed method are provided in Section
3.3l A simulation study in Section [3.4] considers a number of scenarios with surveys of various
sizes and demonstrates how our method improves estimation through more efficient use of
data. The results of our modeling efforts of RI-specific MCV1 coverage in Nigeria from 2003
to 2018 are presented in Section Section |3.6] contains concluding remarks.

3.2 DMotivating data

We focus on the state-level RI-specific MCV1 coverage in Nigeria using data from four DHS
surveys conducted in 2003, 2008, 2013 and 2018, three MICS surveys conducted in 2007, 2011
and 2016-171] and two National Nutrition and Health Surveys (NNHS) conducted in 2014
and 2015. In addition, we obtain the SIA calendar from the WHO website, which contains
the start and end dates, target age groups and geographic areas of all SIAs implemented in

Nigeria. More details about the data are provided below.

IThe 2016-17 MICS is combined with the National Immunization Coverage Survey (NICS).
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3.2.1 Household surveys

The DHS, MICS and NNHS used similar, but nonidentical stratified cluster sampling designs
to provide vaccination coverage estimates at the national level and in each of Nigeria’s 36
states and the Federal Capital Territory (FCT) (Dong et al. 2020a). Hereafter we refer
to these as Nigeria’s 37 states. The DHS samples were stratified by urban and rural areas
within each state, whereas MICS and NNHS were stratified only by state. Respondents were
selected in three stages: First, primary sampling units (PSUs or clusters) were selected from
a census frame of enumeration areas (EAs) within each stratum. The 2003 DHS and 2007
MICS used frames based on the 1991 census and the other surveys used frames based on
the 2006 census. All sampling frames cover the whole population. Second, a pre-determined
number of households were randomly selected in each cluster from a recently-updated frame
listing every residential household. Third, field teams attempted to interview all women
aged 15-49 years and collect vaccination data for children under age 5 or 3 years from every

selected household.

Every child in the survey has an associated survey weight that quantifies the relative
number of children he or she represents in the population. Generally, DHS and MICS surveys
calculate a base weight for each child as the inverse of the product of the probabilities of
selection from each sampling stage. The base weights are then adjusted to reflect household or
individual response rates. In contrast, the NNHS were conducted based on the Standardized
Monitoring and Assessment of Relief and Transitions (SMART') method (SMART Technical
Advisory Group), 2006, 2017)), and each child was assigned the same base weight across all
clusters under the standard assumption of equal selection probability. The base weights were
then post-stratified to match a set of administrative population figures for the survey strata
without further adjustment for non-response rate. Table summarizes key information
regarding the sampling design of each survey, including source of sampling frame, survey
strata, cluster and household sample sizes, age group with vaccination data, and features of

weight calculation.
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For each child sampled in a survey, the care taker was asked to provide information about
specific vaccines that the child had received up until the time of interview. Specifically, care
takers were first asked to present any home-based records (HBR), such as vaccination cards,
to the survey interviewer. If an HBR is available, the interviewer would populate a designated
section of the survey questionnaire that detail the types and doses of vaccines received by
the child. After this step is complete, the interviewer would ask the care giver a follow-up
question of whether additional vaccine doses had been administered besides the ones listed
on the HBR. This would include vaccines received at health care facilities via RI but had
not been recorded on paper, or those received via SIAs. If yes, the interviewer will go back
to the same section and record any additional doses based on the care giver’s recall. If no
HBR is available, the interviewer would skip the HBR section and ask the care giver to recall
whether the child has received each specific vaccine at the time of survey interview, regardless
of whether the vaccination is administered through RI or SIAs. As such, the surveys were
designed to measure the percentage of children in various birth cohorts who received specific
vaccines at any time before the survey through any source, and it is extremely difficult, if
not impossible, to differentiate whether a child received MCV1 through RI or SIAs based on

the answers to the survey questionnaires alone.

3.2.2 SIA calendar

The WHO SIA calendar is a publicly available data source where key information of the
completed and planned SIAs in member states is provided (World Health Organization,
2020c)). For each SIA, the calendar records the start and end dates, target age group and
geographical areas in which the campaign is carried out. Table [3.2] shows the details of the
STAs in Nigeria conducted before the end of 2018 that we consider for this analysis. Excluded
from the analysis are two mop-up campaigns implemented in 2007 and one outbreak response
campaigns implemented in 2013. These campaigns’ scales were very small in terms of target
population and geographic area, and therefore were assumed to have negligible impact on

the state-level MCV1 coverage.
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Start Date  End Date  Target Age Group Geographic Areas
12/06/2005 12/10/2005 IM-15Y Northern States
10/03/2006 10/09/2006 IM-15Y Southern States
11/26/2008 12/15/2008 9-59M All States

01/26/2011 01/30/2011 9-59M Northern States
02/23/2011 02/27/2011 9-59M Southern States
10/05/2013  10/09/2013 9-50M Northern States
11/02/2013 11/25/2013 9-59M Southern States
12/21/2015 11/25/2015 IM-10Y Northern States
01/28/2016 02/01/2016 9-59M Southern States
11/09/2017 11/30/2017 9-59M Northern States
03/01/2018 03/30/2018 9-59M Southern States
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Table 3.2: The start and end dates, target age groups, and geographical areas of the SIAs

in Nigeria we use for the analysis. There are 20 northern states and 17 southern states in

Nigeria.
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3.3 DMethods

The basic idea of our method is that we consider the Rl-specific MCV1 coverage as the
percentage of children in a birth cohort who received a first dose of measles vaccine through
the routine vaccine delivery system according to the RI schedule, i.e., at the age of 9 months.
Each cross-sectional survey serves as a snap-shot measurement of the MCV1 coverage within
a birth cohort at the time of survey interview. We can carefully align the birth time, RI
schedule, STA schedule and survey time for each child to determine whether a birth cohort
has had the RI opportunity or any additional SIA opportunity when the survey data is

collected.

Figure illustrates the data generating mechanism we assume for a generic area. We
discretize time into 6-month intervals and let the beginning of 2000 be the reference starting
point. We let b index birth cohort, such that the children born between Jan. and Jun. in
2000 belong to birth cohort b = 1, and the children born between Jul. and Dec. in 2000
belong to birth cohort b = 2, and so on. We let ¢ index survey time, such that a survey
conducted between Jan. and Jun. in 2001 has ¢ = 3, and a survey conducted between Jan.
and Jun. in 2002 has t = 5, and so on. We assume each child is scheduled to receive MCV1
through RI at the age of 9 months.

As an example, we let there be an SIA targeting children aged 9-59M implemented
between Jun. and Dec. 2001, and consider two birth cohorts in detail — cohort b = 1
represented by the blue circles, and cohort b = 2 represented by the orange circles. Each
circle indicates the underlying MCV1 coverage of the birth cohort at a specific time. The
blue/orange shade represents the proportion of children covered by RI, i.e., the Rl-specific
MCV1 coverage; and the yellow shade represent the proportion covered by SIA. Because
all children within the target age group can receive vaccination during an SITA regardless
of whether they have been vaccinated before, some children in the birth cohorts might be
covered by both RI and STA. They are represented by the intersection of the blue/orange
shade and the yellow shade.
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Now we consider three annual cross-sectional surveys conducted at time ¢ = 3,5 and 7
respectively. Let py; denote the proportion of children in birth cohort b who have received
MCV1 at time t. At t = 3, children in cohort b = 1 should already have had an RI
opportunity to receive MCV1, but those in cohort b = 2 are still too young to be vaccinated
against measles. Therefore, we can use the survey data to obtain a design-based estimate of
the MCV1 coverage for birth cohort b = 1 at survey time ¢ = 3, which we denote p; 3. In
Figure 3.1} 15 and its associated uncertainty interval are represented by a blue dot with a
vertical line segment. Because the birth cohort has not been impacted by any SIA at the
time of survey, p; 3 gives an estimate of the Rl-specific MCV1 coverage. In the next survey
at t = 5, both birth cohorts should have had their RI opportunities. In addition, both birth
cohorts should also have been targeted during the SIA implemented in the previous time
interval. Since survey data cannot differentiate the source of the vaccination, the design-
based estimates of the MCV1 coverage for birth cohort b = 1 and 2 at time ¢t = 5, denoted
D15 and po 5, would reflect the overall MCV1 coverage in these birth cohorts instead of the
Rl-specific coverage. In Figure[3.1] the overall MCV1 coverage is represented by the union of
the blue/orange shade and the yellow shade. The same logic applies to the survey conducted

att =17.

As mentioned in Section [3.1], our method uses survey data from children who only had RI
and children who had RI and one SIA opportunity. Based on the data generating mechanism
described above, our proposed approach takes three steps to construct sub-national RI-
specific MCV1 coverage over time: first, individual-level data from each survey is processed to
identify eligible birth cohorts; second, design-based MCV1 coverage estimates and associated
variances are calculated for all eligible birth cohorts identified in step one at the sub-national
area level; last, a space-time smoothing model is applied to the design-based estimates from
step two to predict Rl-specific MCV1 coverage over time for all sub-national areas. We now

describe each step in detail.
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Ppt RI RI SIA

Figure 3.1: Illustration of the data generating mechanism for a generic area. We let b index
birth cohort and consider two birth cohorts — cohort b = 1 represented by the blue circles,
and cohort b = 2 represented by the orange circles. Each circle indicates the underlying
MCV1 coverage of the birth cohort at a specific time. The blue/orange shade represents the
proportion of children covered by RI, i.e., the Rl-specific MCV1 coverage; and the yellow
shade represent the proportion covered by SIA. Because all children within the target age
group can receive vaccination during an SIA regardless of whether they have been vaccinated
before, some children in the birth cohorts might be covered by both RI and STA. They are

represented by the intersection of the blue/orange shade and the yellow shade.
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3.3.1 Data processing

In each survey, the time of interview for each child is recorded in Century-Month Code
(CMC) format. In addition, the child’s age in months at the time of interview is also
recorded. Combining the two pieces of information allows us to identify the birth month,
and hence the birth cohort, for each child.

Assuming every child has their RI opportunity at the age of 9 months, we use the age
information of each child to see whether he/she has had the RI opportunity at the time of
the survey. We also align the SIA calendar with each child’s birth month to identify how
many SIA opportunities he/she has had before the survey interview.

With each child’s birth cohort, RI and STA information collected, we now identify, within
each sub-national area, the birth cohorts in which all children only had their RI opportunity,
or all children had RI plus one SIA opportunity in each survey. Data from these eligible

birth cohorts will be used in the next two steps.

3.3.2  Design-based overall MCV1 coverage estimation

For each eligible birth cohort identified in each survey, the design-based overall MCV1 cov-
erage estimate is calculated at the sub-national area level. Let i, b, s and k be the indices for
area, birth cohort, survey and sampled child respectively. We obtain the Horvitz-Thompson
(HT) direct estimate (Horvitz and Thompson, [1952)) of the overall MCV1 coverage in birth
cohort b in area ¢ from survey s, denoted pys, using

Nibs
L Zkzl WibskYibsk
pibs - Nibs

Zkzl Wipsk

where ;s is the 0/1 indicator of whether child & in birth cohort b in area i has ever received
MCYV when interviewed for survey s, wgs is the survey weight associated to the child, and
Nips 18 the total number of children in birth cohort b in area ¢ who are sampled in survey s.
In addition, we also obtain the design-based estimate of the variance associated with pjs,

which we denote 0;,5. See Section for details of the calculation.
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All design-based estimates can be computed using functions from the survey package

(Lumley|, 2004)) within the R computing environment (Team, R Core, |2020).

3.3.3  Space-time smoothing model for RI-specific MCV1 coverage estimation

We extend the pseudo-likelihood approach developed in Mercer et al| (2015) and specify
a Bayesian hierarchical space-time smoothing model to construct sub-national Rl-specific
MCV1 coverage estimates over time with uncertainty that reflects the various survey sam-
pling designs.

First, the design-based estimates for the logit-transformed overall coverage and its asso-

ciated variance, denoted by 6;,s and Vs, are obtained via

Next, we take the following asymptotic distribution as a working likelihood:
éibsleibs ~ Normal <0ib87 ‘A/ibs) (31)

where 6,5 is the underlying overall coverage in cohort b in area i measured by survey s.
To account for the potential impact of STA and specific surveys on the overall coverage, we

specify 0, as

Qibs = M + 61 X Tips + € (32)

piv = Bo + o 4 v + 0y + T + Dy (3.3)

The potential impact of SIA on the overall MCV1 coverage is captured by i X x;,s, where
Tips is an 0/1 indicator of whether children in birth cohort b in area i have had one STA
opportunity in additional to RI in survey s, and f; is a parameter quantifying the impact.
We would expect $; > 0. If a birth cohort only had RI at the time of a survey, x;s would be

zero and the overall coverage measured in that survey would not be influenced by any SIA. In
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addition, we use the survey random effects ¢, ~ Normal (0, o) to capture any survey-specific
biases, although this is relative to the average of all the surveys, and does not correct for
any overall bias in the surveys combined.

The underlying Rl-specific MCV1 coverage in birth cohort b in area ¢ is captured by
the RI term p;. Note that this quantity remains unchanged across surveys, because we
consider the Rl-specific MCV1 coverage to be the percentage of children in a birth cohort
who received a first dose of MCV through the routine immunization system at the age of
9 months. Therefore, the underlying Rl-specific coverage of a birth cohort only depends on
when and where the children are born.

Space-time smoothing is achieved by modeling the RI term p;, as a combination of six
components, see Equation . Specifically, 3y is a common intercept for all birth cohorts
and areas. There are two spatial terms that correspond to the convolution model of |Besag
et al| (1991) as described in Section In particular, a; ~ ICAR(0,) are the intrinsic
conditional autoregressive (ICAR) terms for ¢ = 1,...,, I sub-national areas (e.g., I = 37 for
Nigeria’s 37 states), and 7; ~i;,q Normal(0,0,) are independent and identically distributed
(IID) random effects. There are also two temporal terms, with §, ~ RW2(oy) following an
(intrinsic) random walk of order 2 model (described in Section to pick up structured
temporal trends in Rl-specific coverage, and 7, ~;q Normal(0,0,) being IID to pick up
short-term fluctuations with no structure. Finally, the space-time interaction term ¢; can
be specified as one of the four types of interactions described in [Knorr-Held (2000) to capture
any additional independent or structured variation in RI coverage across space over time.

To construct Rl-specific MCV1 coverage estimates and associated uncertainty intervals
for each sub-national area, we use the Bayesian posterior samples of the RI component of
the space-time smoothing model. Specifically, the percentage of children in birth cohort b in
area ¢ who received a first dose of MCV via RI, pg, i, can be estimated by drawing posterior

samples

p;’ng = expit (ui?) = expit < (()m) + agm) + 72-(m) + 51(,7”) + Tb(m) + ngn)) )
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where the superscript (m) denotes the mth posterior sample of the respective component.
The survey specific effects e, are not included because they are bias terms.

Computation in this step, including model fitting and prediction, can be efficiently car-
ried out using the Integrated Nested Laplace Approximation (INLA) (Rue et al., 2009) as
implemented in the INLA package in R. See Section for details.

3.4 Simulation study

We conduct a simulation study to examine how our approach performs under a number of

scenarios with surveys of various sizes. Under each scenario, we compare two models:

1. RI+SIA Model: this model is similar to that described by Equations (3.1) — (3.3]) in
Section [3.3.3] but omitting the survey-specific effects, i.e. 05 = pip + 51 X xps. For
RI-specific coverage estimation, this model will be applied to the simulated survey data

from birth cohorts that either had RI only or had RI plus one SIA opportunity.

2. RI Only Model: this model is similar to the RI+SIA Model, but omitting the component
accounting for the impact of SIA; i.e., ;s = . This model will be applied to the
simulated survey data from birth cohorts that had RI only — the same as the current

common practice for Rl-specific coverage estimation.

3.4.1 Set up

We simulate complete enumeration areas (EAs) and households within each of Nigeria’s 37
states based on the distribution of population and EAs summarized in Table B.1 in the 2013
Nigeria DHS report (National Population Commission - NPC and ICF} 2014)). For faster
computation, the number of simulated EAs in each state is set to be one tenth of the true
number of EAs, and each EA has 80 simulated households.

A total of 34 birth cohorts of children born between 2000 and 2016 are simulated assuming

1 new live birth per EA per month — a rate similar to Nigeria’s birth rate during that time
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period (The World Bank, |2019). Each simulated child is randomly assigned to a household.
The resultant population from this step is used for the entire simulation study.

Next, for each iteration, we simulate RI and SIA activities roughly based on what have
been implemented in Nigeria between 2000 and 2016. All children have their RI opportunities
at the age of 9 months. In addition, we take Jan. 2000 as month 1 and let there be five SIAs
conducted in all states in months 72, 108, 134, 167 and 193 respectively. We simulate the true
RI-specific MCV1 coverage for children in birth cohort b in state ¢, pr; 5, and the increase in

the overall MCV1 coverage by the first SIA opportunity, g, under the following model:

Priib = €xpit(Bo + o +vi + 6 + T + Gip)

(
= expit (L)
Qsiaib = €XPit(pp + 1) — expit(pp)
(

= expit(pip + £1) — Pruiv

a; ~ ICAR(0,) 7 ~i4ia Normal(0, o)
O ~ RW2(o5) 7 ~4iq Normal(0, o)

gbib ~iid NOI‘IH&I(O, O'¢)
The true values for the parameters are specified as follows:

Go=0 (1 =0.8
0, =08 o,=0.01
s =08 o,=0.01

O'¢ =0.2

The MCV1 status for each child over time is simulated based on the true RI and SIA coverage
in the birth cohort and state that the child belongs to.
A total of eight surveys are simulated based on the survey schedule in Nigeria between

2000 and 2017. Each survey is stratified by state and adopts a two-stage cluster sampling
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design. No stratification by urban/rural is carried out in this simulation study. Within
each state i (i.e., stratum), ¢; clusters are randomly sampled from the C; EAs in the first
stage, then within each selected cluster, h;. households are randomly sampled from the H;.
households in the second stage. All children under 5 years of age in the selected households
are sampled, and their MCV1 status are recorded.

Using the simulated survey data, we implement the data processing and design-based
coverage estimation procedures described in Section [3.3] We then apply the RI+SIA Model
and RI Only Model to the respective data sets to obtain the point estimates and associated
95% posterior credible intervals of the state-level RI-specific MCV1 coverage for each birth
cohort.

The performance of our approach is examined under a number of scenarios with surveys of
various sizes. Specifically, we conduct 300 iterations under each combination of ¢; = 20, 40, 60
and h;. = 15, 30, 45, with each iteration using a different simulated data set. The estimation
accuracy and precision of the two models are evaluated based on four metrics: bias, RMSE;,
the nominal coverage and the average widths of 95% posterior CIs of the estimated RI-specific

coverage Dy across all areas and birth cohorts.

3.4.2 Results

The simulation results are summarized in Figure[3.2] In each plot, results from the RI+SIA
Model and RI Only Model are represented by red and blue dots respectively, with darker
shades corresponding to greater numbers of households sampled per cluster. Along the x-axis
from left to right are increasing numbers of clusters sampled per state.

Both models have very small bias under all scenarios. Within each model, both the
RMSE and the 95% nominal coverage improves as the number of clusters per state and the
number of households per cluster increases. The average CI widths show a similar trend in
general, except for when the RI Only Model is applied to very sparse data (¢; = 20, h;. = 15).

Under each scenario, the RI+SIA Model always outperforms the RI Only Model in terms

of RMSE, coverage and average CI widths. This demonstrates the improved accuracy and
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precision of the Rl-specific coverage estimation by the RI+SIA Model, which makes more

efficient use of data by having a model component that accounts for the impact of SIAs and

incorporating information from birth cohorts who had an STA opportunity in addition to RI.
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Figure 3.2: Summary results of the simulation study, including bias, root mean square error

(RMSE), the nominal coverage and the average widths of 95% posterior credible intervals

(Cls) of the estimated Rl-specific MCV1 coverage pgy i across all areas and birth cohorts.
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3.5 Application to Nigeria data

We apply our proposed method to estimate the state-level Rl-specific MCV1 coverage in
Nigeria between 2000 and 2018 using the household survey and SIA calendar data described
in Section [3.2] We discretize time into 6-month intervals and let the beginning of 2000 be
the reference starting point. During this time period, all children in Nigeria were scheduled

to receive one dose of MCV via RI at the age of 9 months.

3.5.1 Data processing and design-based overall MC'V1 coverage estimation

We carry out the data processing step outlined in Section to identify, within each state,
the birth cohorts in which all children only had their RI opportunity, or all children had RI
plus one STA opportunity in each survey. The design-based HT estimates of the state-level
overall MCV1 coverage are calculated for each eligible birth cohort in each survey using
the survey package (Lumley, 2004) within the R computing environment (Team, R Core,
2020). Figure shows the resultant estimates with the associated confidence intervals
across birth cohorts for Nigeria’s 37 states. The plots are arranged to approximately match
the relative geographical locations of the states. The different colors represent the surveys
upon which the design-based estimates are calculated, and the shape of the dots indicates
whether a birth cohort only had RI or had RI plus one SIA at the time of survey. The
northern states generally have lower MCV1 coverage estimates than the southern states. As
expected, within the same survey, the birth cohorts with an additional STA opportunity tend
to have slightly higher estimated MCV1 coverage than the RI-Only cohorts, although the
differences are often small in magnitude. The coverage estimates of the same birth cohort
from different surveys sometimes show large differences even after accounting for vaccination
activity, suggesting that there might be some survey-specific effects. As a result of small
sample sizes in some areas and surveys, the design-based coverage estimates for some birth

cohorts are associated with very wide confidence intervals.
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Figure 3.3: Design-based HT estimates of the overall MCV1 coverage across birth cohorts

from each survey for Nigeria’s 37 states.

3.5.2  Rl-specific MC'V1 coverage estimation via space-time smoothing

We fit six space-time smoothing models to the design-based estimates. Each model has

the same working likelihood and model components as specified in Equations (3.1)) — (3.3)),
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but a different specification of the space-time interaction term ¢;,. Specifically, we consider
the IID-1ID, ICAR-IID, IID-RW2, ICAR-RW?2, IID-AR1, ICAR-ARI models, whose space-
time interaction assumptions are detailed in Table (Knorr-Held, 2000)). In particular,
AR1 stands for the autoregressive (AR) model of order 1 for Gaussian random vectors. The

definition of the AR1 model can found in Appendix [A]

Model Space-time Interaction ¢,

1ID-IID ITD spatial effects x IID temporal effects
ICAR-IID  ICAR spatial effects x IID temporal effects
I1ID-RW2 IID spatial effects x RW2 temporal effects
ICAR-RW2 1ICAR spatial effects x RW2 temporal effects
IID-AR1 ITD spatial effects x AR1 temporal effects
ICAR-AR1 ICAR spatial effects x AR1 temporal effects

Table 3.3: The space-time interaction assumptions of the models.

Implementation of the models was carried out in R using the INLA package. We used
the Penalized Complexity (PC) priors introduced in [Simpson et al| (2017) for all hyper-
parameters (see Section . Specifically, we applied weak PC priors on the precision
parameters for the random effects, such that Pr(c > 2) = 0.01 for the spatial and temporal
terms, and Pr(o > 1) = 0.01 for the independent terms.

In Table we report the posterior medians and 95% ClIs of the model parameters. In
addition, we also compute three model assessment metrics: the deviance information criterion
(DIC), the Watanabe-Akaike information criterion (WAIC) and the log-score conditional
predictive ordinate (LCPO) values, all of which are described in detail in Section 2.5 Based
on the estimates for 3, the odds of receiving at least one dose of MCV is 33.6% — 37.7%
higher after an STA campaign is conducted in a birth cohort. The ICAR-AR1 Model performs

the best among the six models based on all three model metrics.
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Table contains the proportions of variance explained by each of the random effects
in the space-time smoothing model. The “ICAR” column corresponds to the structured
spatial effects; “Space IID” to the unstructured spatial effects; “RW2” to the structured
temporal trends; “Time IID” to the unstructured temporal effects; and “SpacexTime” to
the respective space-time interaction terms in each model. Across all models, the combined
effect from the RW2 and Time IID terms accounts for an average of 4.3% of the variability,
indicating that the overall trend in the Rl-specific MCV1 coverage remains relatively stable
during the time period of interest. The survey-specific effects and the spatial 11D effects
also account for relatively small proportions of the variability. The majority of the variation
is explained by the the structured spatial ICAR terms and the space-time interactions:
the combined effect of the two terms accounts for an average of 88.5% of the variability,
and is relatively consistent across all models. The relative proportions explained by the
space-time interaction term depend on the specification of the interaction structure. This
suggests that the distribution of variability between the spatial ICAR term and the space-
time interaction can be sensitive to model specification. It also implies that spatial variation

plays an important role in explaining the Rl-specific MCV1 coverage.

ICAR Space IID RW2 Time IID SpacexTime Survey

Model ) ) ) ) ) )
o o3 loF: o o5 ops

[ID-IID 80.8 1.6 3.8 0.4 8.7 4.7
ICAR-IID 794 1.7 3.7 0.6 9.3 5.2
I[ID-RW2 12.5 1.4 3.4 0.8 75.6 6.3
ICAR-RW2  17.7 4.2 2.3 0.3 72.0 3.5
IID-AR1 72.5 1.4 4.5 0.6 15.2 5.8
ICAR-AR1  52.7 1.9 4.7 0.8 33.1 6.9

Table 3.5: Proportions of variance explained by each random effect component (percent).
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We now focus on the ICAR-ARI Model and visualize the estimated random effects in
the model. The estimated survey-specific effects €, are shown in Figure [3.4, The estimates
suggest that there are moderate survey effects — a result that is also reflected in Table [3.5)]
where the survey effects are the third largest contributor to the variance explained by the
random effects (6.9%) in the ICAR-AR1 Model model.

The posterior medians of the ICAR spatial random effects a; and the IID spatial ran-
dom effects 7; are shown in Figure [3.5] The ICAR random effects show apparent spatial
dependencies across states, with the northern states having lower estimated values than the
southern states. In contrast, the IID random effects show no apparent spatial pattern, and
their magnitudes are much smaller compared to the ICAR random effects. This suggests
that the overall spatial variation in MCV1 coverage is mostly structured.

The posterior medians of the RW2 temporal random effects ¢, and the IID random effects
7, are shown in Figure 3.6, along with the 95% point-wise CI envelopes. The RW2 temporal
effects show slight downward trends at the beginning and the end of the time period, and a
slight upward trend in the middle. Due to data sparsity, the uncertainties associated with
the estimates at the beginning and the end of the time period are relatively large compared
to those in the middle of the time period.

In Figure 3.7/ and Figure 3.8, we show the estimated space-time interactions across space
and over time for all states. At each time point, there is moderate spatial dependencies
across states, with northern states having lower values. The temporal trends in most states
were relatively flat with moderate fluctuations, except for a few northern states in which
there were large changes over time.

Based on the fitted ICAR-AR1 Model, we calculated the state-level Rl-specific MCV1
coverage estimates and the associated 95% Cls for the birth cohorts born between 2000 and
2018 using the procedure described in Section|3.3.3 Figure|3.9[shows the model results, along
with the design-based overall MCV1 coverage estimates from each survey for reference. There
is considerable spatial variation in the estimated RlI-specific MCV1 coverage, with southern

states generally having higher coverage than the northern states. In most states, the RI-



43

specific coverage remained at a constant level without significant changes in trend between
2003 and 2015. The 95% CIs associated with the RI coverage estimates during this time
period are relatively narrow. In contrast, the Rl-specific coverage estimates in 2000-2002
and 20162018 show greater temporal variation, but they are associated with wider Cls.
Therefore, although there seem to be a slight downward trend in many states, one should be
mindful of the uncertainties associated with the trend, especially when considering prediction
for the 2018 birth cohorts.

In summary, this analysis illustrates how our model is able to combine information from
multiple household surveys to produce spatially- and temporally-smoothed RI-specific MCV1

coverage estimates while accounting for the impact of SIAs as well as survey-specific effects.
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Figure 3.4: The posterior medians and 95% Cls of the survey-specific effects e,.
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Figure 3.5: The posterior medians of the ICAR spatial random effects «; (left) and the IID

spatial random effects ; (right) from the fitted JCAR-AR1 Model.

Figure 3.6: The posterior medians and 95% CIs of the RW2 temporal random effects d; (left)
and the IID temporal random effects 7, (right) from the fitted ICAR-AR1 Model.
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Figure 3.7: The posterior medians of the space-time interactions ¢;, across space over selected
birth cohorts from the fitted I[CAR-AR1 Model. Specifically, each map shows the estimated

interaction for the cohorts born in the first 6 months of the corresponding year.
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lines) and the associated 95% ClIs (light grey ribbons) for the birth cohorts born between 2000
and 2018 based on the fitted ICAR-AR1 Model. The design-based overall MCV1 coverage

estimates were also shown for references.
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3.5.8  Sensitivity analysis: using 12-month birth cohorts

We chose to use 6-month birth cohorts in our model as they gave a good balance between
two competing objectives: on one hand, we want larger birth cohorts so that there would be
enough samples from each sub-national area in each survey to provide design-based coverage
estimates with reasonably high precision; on the other hand, smaller birth cohorts are more
desirable because they are more likely to have children with the same RI and STA history,
and hence be eligible for analysis. Here we present a sensitivity analysis using 12-month

birth cohorts.

We discretize time into 12-month intervals and let the beginning of 2000 be the reference
starting point. We carry out the same data processing step outlined in Section [3.3.1] and
calculate the design-based HT estimates of the state-level overall MCV1 coverage for each
eligible birth cohort in each survey. Figure [3.10| shows the resultant estimates with the
associated confidence intervals across birth cohorts for Nigeria’s 37 states. As expected,
the estimates for 12-month birth cohorts generally have narrower 95% Cls compared to the
estimates for 6-month birth cohorts shown in Figure [3.3l However, only 61900 of the 86033
(71.9%) survey samples that were eligible for the previous analysis remain eligible for this
analysis, and the proportion of the RI Only design-based coverage estimates (among the R/
Only and RI + 1 SIA design-based coverage estimates) decreased from 608/1802 (33.7%)
to 133/760 (17.5%). In particular, 35 of the 37 states do not have any RI Only design-
based coverage estimate for any birth cohort born after 2012. As a result, we see that many
southern states do not have any eligible data for birth cohorts born between 2006 and 2008,
and a majority of the design-based overall MCV1 coverage estimates were influenced by a

previous SIA.

The six space-time smoothing models specified in the main analysis were fitted to the
design-based overall MCV1 coverage estimates for the 12-month birth cohorts. The posterior
medians and 95% CIs of the model parameters as well as the model assessment metrics are

reported in Table [3.6] Compared to the results in the main analysis, the estimates of the
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intercept [, are considerably higher and the estimates of the coefficient for the SIA indicator
B are lower. The 95% CIs for these two parameters are also wider across all models. These
results are likely due to the fact that less data, especially RI Only design-based coverage
data, is used in this analysis. Since less information is available for the model to draw
inference on the parameters, the resultant estimates differ from those in the main analysis
and have higher associated uncertainties.

Similar to the main analysis, the ICAR-AR1 Model performs the best among the six
models based on all three model metrics considered. The proportions of variance explained
by the various random effects also show similar patterns compare to the main analysis. The
details are provided in Table in Appendix [A]

We now focus on the ICAR-AR1 Model and compare the results from fitting this model
to the 12-month birth cohort data with the ICAR-AR1 Model results in the main analysis.
The estimated ICAR and IID spatial random effects and the survey specific effects show
very similar patterns between the two analyses. The estimated space-time interactions also
show similar general trends, but some small-scale fluctuations shown in the main analysis are
missing in this analysis, especially during time periods where RI Only design-based coverage
data are not available. The estimated RW2 temporal random effects in this analysis are
following a slightly different trend compared to the corresponding estimates in the main
analysis: instead of showing a slight downward trend after 2012, the estimated RW2 random
effects follow a slight increasing trend. In addition, the IID temporal random effects have
considerably wider uncertainty intervals than those in the main analysis. Plots of these
estimates and the associated uncertainties can be found in Appendix [A]

In Figure|3.11], we compare the state-level RI-specific MCV1 coverage estimates produced
by fitting the ICAR-ARI Model to the 6-month and 12-month birth cohort data. The
estimates from the 12-month birth cohort analysis are generally higher than those from the
6-month analysis. In particular, the differences between the two analyses tend to be large
during time periods in which (1) there is no design-based coverage data (e.g., between 2006

and 2008), or (2) there is no RI Only coverage data (e.g., after 2012) for fitting the space-
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time smoothing model in the 12-month birth cohort analysis. The pattern we see in this
comparison, as well as the difference in parameter and random effect estimates we showed
earlier, are likely due to the fact that using 12-month birth cohorts resulted in considerably
less survey data being eligible for the smoothing model, hence some temporal patterns that
were captured in the 6-month birth cohort analysis were unable to be estimated in this

analysis.
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Figure 3.10: Design-based HT estimates of the overall MCV1 coverage across birth cohorts

from each survey for Nigeria’s 37 states in the sensitivity analysis with 12-month birth cohort

data.
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Figure 3.11: The posterior medians of the state-level Rl-specific MCV1 coverage (dark grey
lines) and the associated 95% CIs (light grey ribbons) for the birth cohorts born between
2000 and 2018 based on the fitted ICAR-AR1 Model.
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3.6 Discussion

In this chapter, we developed a space-time smoothing model for estimating RI-specific MCV1
coverage at the sub-national level over time using data from household surveys. The proposed
method is able to account for the impact of SIAs on the overall MCV1 coverage measured
by cross-sectional surveys, and makes efficient use of data from not only birth cohorts who
only had RI opportunities, but also those who had RI plus one SIA opportunity at the
time of surveys. In addition, our model can be applied to data from multiple surveys with
different sampling designs and construct coverage estimates with uncertainty that reflects
the various data collection schemes. Any survey-specific effects such as sampling biases are
also accounted for when predicting underlying RI coverage over time. We demonstrated how
our method improves estimation through more efficient use of data via a simulation study
that considered a number of scenarios with surveys of various sizes. We also applied our
method to analyze data from nine household surveys conducted in Nigeria and constructed

the Rl-specific MCV1 coverage in each of Nigeria’s 37 states from 2003 to 2018.

Since the DHS and MICS regularly conduct household surveys in most LMICs, our
method is readily applicable to many countries with high measles burden to provide reli-
able Rl-specific MCV1 coverage estimates over time to track routine vaccine delivery system
strength. It helps identify areas in which the RI program is the weakest and facilitates
balanced implementation of RI and SIAs to improve overall measles vaccination coverage.
The output also provides important input data for measles epidemiological models, which

estimate underlying susceptible population dynamics and inform optimal SIA schedules.

Under our framework, the RI-specific MCV1 coverage has a clear and sensible definition
— the percentage of children in a birth cohort who receive a first MCV dose according to
the RI schedule. This definition is particularly relevant in the context of building measles
epidemiological models and evaluating SIA efficacy, where the Rl-specific coverage is an
essential input for calculating the number of children entering the susceptible poor over time

(Verguet et al., 2015; [Thakkar et al., 2019; |Dong et al., 2020b). We emphasize here that the
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denominator of this coverage only includes children who are still alive at their scheduled RI
date, i.e., at the age of 9 months. In other words, our coverage definition excludes those who
died before they become eligible to receive MCV1 through RI, and hence, does not require
consideration of the mortality rate among those under the age of 9 months.

Our method does make assumptions about the mortality rates among children above
the age of 9 months. Specifically, we assume that there is negligible difference in mortality
rate between the children who are vaccinated against measles and the children who are not.
This allows us to assume the underlying MCV1 coverage within each birth cohort remains
constant as the children grow older, unless they have an SIA opportunity. As such, we can
treat each cross-sectional survey as a snap-shot measurement of the same underlying MCV1
coverage within a birth cohort at the time of survey interview, and use survey data collected
from children in older age groups for our model. However, if the unvaccinated children
suffer significantly higher mortality than vaccinated children, the proportion of the surviving
children in a birth cohort who are vaccinated would increase as the children grow older. In
this case, the underlying MCV1 coverage within each birth cohort no long remains unchanged
over time, and the coverage estimates from surveys implemented at different times among
the same birth cohort are measuring different underlying coverage values. Therefore, a more
complex model as well as additional mortality data are required to properly account for
the impact of discrepancies in mortality rate between vaccinated and unvaccinated children,
which would be an important topic for future research.

In addition, our model also assumes that children have their RI opportunity according
to the stated schedule, and SIAs were carried out promptly as recorded in the calendar.
These assumptions may not hold in reality, especially in settings where vaccine stock outs
or disruption of services lead to delayed RI and SIAs. Their impact on Rl-specific coverage
estimation would depend on when and where SIAs and surveys were carried out. Further
simulation studies could be done to investigate the issue under various scenarios.

Last, but not least, we assume there is negligible systematic recall bias across age groups

in surveys. However, it is possible that care givers would under- or over-report doses for older
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children due to memory recall. Previous studies gave mixed results regarding the presence,
direction and magnitude of care giver recall bias in vaccination coverage surveys (Porth et al.,
2019; [Valadez and Weld), [1992; Ramakrishnan et all [1999; Hu et al.| 2019} Binyaruka and

Borghil 2018]), and the results vary greatly by geographical regions. Future research can focus

on how to detect and account for recall bias especially given specific context of application.
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Chapter 4

ESTIMATING EFFICACY OF
SUPPLEMENTARY IMMUNIZATION ACTIVITIES
WITH DISEASE INCIDENCE TIME SERIES

4.1 Introduction

As mentioned in Chapter [, a key public health strategy for measles prevention in high-
burden settings is the combination of routine immunization (RI) and supplementary immu-
nization activities (SIAs) (The Measles and Rubella Initiative, 2012). In this chapter, we
develop epidemiological models for assessing SIA effectiveness and forecasting future inci-

dence trend.

A common metric used for evaluating SIA effectiveness is the administrative campaign
coverage. It is calculated as the ratio of the number of MCV doses administered during a
campaign to the number of target population of the campaign. While STAs usually have high
reported campaign coverage, it is unclear how many people are effectively removed from the
susceptible population (Mbabazi et al.| 2009). Another popular indicator of STA effectiveness
is the SIA coverage among MCYV zero-dose children, which is defined as the proportion of
children in a specific age group with no history of receipt of MCV before the STA who received
a dose of MCV during the STA. Portnoy et al. (2018) analyzed the Demographic and Health
Survey (DHS) data from a few low- and middle-income countries (LMICs) to investigate how
many children who have not previously received a measles vaccine dose are reached by SIAs.
However, their methods require surveys being conducted within 2 years of implementation
of STAs and having a measles SIA indicator variable, which resulted in only 14 out of 111
countries having STAs and DHS in the year 2000 onward to be eligible for the analysis. More
recently, Utazi et al.| (2020) analyzed the Nigeria 2017-18 post-campaign coverage survey
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(PCCS) data to estimate the SIA coverage among MCV zero-dose children of the campaign.
However, high quality PCCS are rare in most LMICs, and the resultant estimates cannot be

easily applied to plan future campaigns.

An attractive measure of STA effectiveness is the SIA efficacy, defined as the fraction of
susceptible population immunized after a measles SIA. However, estimation of SIA efficacy
has been a programmatic challenge due to difficulties in estimating the underlying susceptible
population. Thakkar et al. (2019) proposed a linear regression approach that incorporates
SIA efficacy to analyze measles incidence data in Pakistan to optimize campaign timing.
While their method demonstrates effective use of SIA efficacy in campaign planning, it
does not produce valid inference for the efficacy parameter. Specifically, the model does
not account for data variability due to under-reporting, and is unable to construct valid

uncertainty intervals for the model parameters and the predicted incidence.

In this chapter, we propose a discrete-time hidden Markov model under the time-series
susceptible-infected-recovered (TSIR) framework (Finkenstadt and Grenfell, 2000) to esti-
mate SIA efficacy using a hybrid of ordinary least squares (OLS) regression with robust
standard errors and Markov chain Monte Carlo (MCMC) procedures. The TSIR model was
first introduced by [Finkenstadt and Grenfell| (2000) to provide an approximation for measles
time series in large communities where the disease is endemic. It was then extended in a series
of subsequent papers (Bjernstad et al,[2002; |Grenfell et al,|2002; |Glass et al., 2003; Morton
and Finkenstadt, 2005) and has been used to understand measles and rubella transmission in
a variety of settings (Ferrari et al., [2008; |Metcalf et al.l 2011; Mahmud et al., 2017; Metcalf
et al., 2013). A recent review by Wakefield et al| (2019) details the theoretical motivation of
the framework and compares it with other popular epidemic modelling approaches such as
the Epidemic/Endemic (EE) models introduced by Held et al. (2005). More details regarding
the TSIR framework are provided in Section [2.3] Our approach accounts for under-reporting
and seasonality of measles transmission, and accommodates monthly reported incidence data
that are publicly available from the WHO Measles and Rubella Surveillance Database for

most member countries (World Health Organization, 2020c). The proposed model can be
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used to estimate the underlying susceptible population dynamics, assess how many suscep-
tible people were immunized by past SIAs, and forecast incidence trends in the future under
various hypothetical STA scenarios.

This chapter is structured as follows. In Section [4.2] we describe the model and the in-
ference details. A simulation study in Section 4.3| considers various levels of under-reporting,
where the observed incidence time series are obtained from extremely low to high reporting
rates. In Section [£.4] we illustrate our model by using it to analyze the reported measles

incidence in Benin from 2012 to 2018. Section [4.5| contains concluding remarks.

4.2 DMethods

4.2.1 Model specification

In general, disease incidence (i.e. the number of new infections in a time period) is commonly
modeled at time steps equal to the average generation time of the disease, which is about 14
days for measles (World Health Organization, [2020d)). To better accommodate the monthly
reported incidence data, we model the underlying true measles incidence in semi-monthly
intervals. We let m and ¢ index the monthly and the semi-monthly time points, and let
t(m) and t(m) + 1 denote the first and second semi-monthly time points in month m. In
addition, we use C' and [ to denote the reported and the underlying true measles incidence
respectively. We account for under-reporting by letting the monthly reported incidence
count (), to follow a Binomial distribution with a sample size equal to the sum of the true

semi-monthly incidence in that month, I;,) + Iym)+1, and a constant reporting probability

P
Cm’[t(m)v [t(m)—l—l ~ Bin ([t(m) + [t(m)—l-la P) : (41)

For the underlying true incidence, we let the number of new infections in the current
semi-month [; follow a Negative Binomial distribution with a mean that depends on the

incidence I;_1, the susceptibles S;_; and the known total population N;_; from the previous
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semi-month,

|11, S;—1 ~ NegBin(\;, ¢) fort > 2 (4.2)
115

>\t = eXp( ?R) N 1
t—

+ exp(B™)N;_1. (4.3)

In particular, we assume a constant dispersion parameter ¢ and endemic parameter ["¥
over time. The mixing parameter « is set to be 0.975 to account for the discrete-time
approximation to the continuous time model (Glass et al.; [2003). As for the auto-regressive
parameter 5%, we use the following formulation to capture the yearly seasonality of measles

transmission,

. (27 2T
=91 4 Yot + yzsin <Ut> + Y408 (Ut) , (4.4)

where w = 24.

For the underlying dynamic of the susceptibles, we propose a balancing equation that
incorporates the information from past SIA campaigns. Specifically, we model the number
of susceptibles in the first semi-month S; as the product of the proportion of susceptibles in
the total population 6 (to be estimated) and the known size of the total population at that
time point N;. For semi-month ¢t > 2, we let the number of susceptibles S; be equal to the
number of susceptibles in the previous semi-month S; i, plus the known number of births
entering the susceptible pool B;, minus the number of new infections [;, and finally minus

the number of susceptibles immunized in the most recent SIA campaign S},

S1 =0 x Ny, (4.5)

St - St_l + Bt - -[t - SZ( for ¢ Z 2. (46)

The number of births entering the susceptible pool B; can be calculated as the number
of 9-month-old children who are losing maternal immunity and are not effectively vaccinated
via RI. We call this quantity the adjusted births. Let L, and R; be the number of 9-month-old
children in the population and the Rl-specific coverage of the first dose of measles-containing-

vaccine (MCV1) among the 9-month-olds at semi-month ¢. The adjusted births B, can be
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obtained by
By =Ly x (1 — Ry x 0.87), (4.7)

assuming the efficacy of MCV1 in LMIC settings is 87% (World Health Organization|, [2017a).
We formulate S}, the number of susceptibles immunized in semi-month ¢ in the most

recent STA campaign, as
S: =pX Sk(t) X 515 (48)

where p denotes the overall SIA efficacy parameter, representing the fraction of susceptible
population immunized after a complete SIA campaign, Sy denotes the number of suscep-
tibles right before the most recent campaign started, and d; denotes the fraction of the total
target population to be covered in semi-month ¢ in the most recent campaign. For any
semi-month ¢ in which no SIA activity is carried out, we set §; = 0; otherwise, an estimate
of §; can be obtained using the target population information from the SIA calendar on the
World Health Organization (WHO) website (World Health Organization, 2020c). This for-
mulation of S} allows for flexible modeling of susceptible dynamics when an SIA campaign
is implemented in several phases with part of the total target population covered in each

phase (e.g., by geographic regions).

4.2.2  Computation

Morton and Finkenstéadt| (2005) described a Markov chain Monte Carlo (MCMC) algorithm
for making inference about parameters in a TSIR model, but acknowledged that this ap-
proach can perform poorly in estimating the reporting rate parameter p. In preliminary
work we also encounter serious unidentifibility issues when we estimate p jointly with all
other model parameters. Therefore, we propose a two-stage hybrid approach that estimates
the reporting rate parameter separately from the rest of the model parameters. Specifically,
we estimate the reporting rate parameter in the first stage via an ordinary least squares

(OLS) regression model with robust standard errors. The results are then used to estimate
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the rest of the model parameters in the second stage via MCMC. We now describe each stage

in detail.

Stage 1: reporting rate estimation via OLS regression with robust standard errors

The reporting rate estimation step is inspired by the susceptible reconstruction method
developed by [Finkenstadt and Grenfell (2000). We consider a time period during which no
STA is implemented. Let the first month of this time period be m = 1 and last month
be m = M. Let C,,, I, S, and B,, be the number of reported incidence, underlying
true incidence, susceptible population and the adjusted births entering the susceptible pool
in month m. Given a realization of the underlying monthly true incidence {I,,} and the

observed monthly reported incidence {C,}, for m =1,..., M, we let p,, be the ratio

Cm 1
Pm = T such that I, = —C,, = £,C,,

m pm

where k,, is the inverse of p,,.

Now, we consider the underlying susceptible dynamics during this time period. Since no

STA is implemented, Equation (4.6)) implies that the monthly susceptible time series follows

Sm: m—1+Bm_Im
= Om-1*t Bm - ’imc’m

= (Sm72 + Bmfl - Hmflomfl) + Bm - HmCm

= So+2m:Bz' - Zm:/iicz'
i=1 =1

where Sy is the number of susceptibles right before month 1. Assuming the ratio between

the reported incidence and the underlying true incidence p,, is roughly equal to p during the
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entire time period, that is, p,, = p and &, = me ~ % = Kk, we have, approximately
i=1 i=1

where Kk = %. Let S be the average of {S,,} during the time period m = 1,..., M. We can

write equation (4.10]) as

m

> B = (Sm—So)—i—/me:Ci (4.11)

i=1

=(5—So)+ni0i+(8m—5’) (4.12)

Let Y,, = >_7", B; be the cumulative adjusted births, X, = >_" | C; be the cumulative
reported incidence, By = S — Sy be the difference between Sy and S, and U,, = S,, — S be
the deviation of S, from the average S. Then, we can rewrite equation (4.12)) as

Yo = Bo + 6Xom + Un (4.13)

Assuming the deviations U, follows a Normal distribution with mean 0 and variance
o2 Equation (4.13) motivates an OLS regression model with robust standard errors (White,

1980) for estimating x:

Yy = Bo + X + U, (4.14)

U, ~ Normal(0, 02, (4.15)

As such, we can obtain a point estimate <o and a robust standard error &, for the inverse
of the reporting rate kK = /13 by fitting an OLS regression model with robust standard errors
using the cumulative adjusted births as the outcome variable and the cumulative reported

incidence as the predictor variable. We can acknowledge the uncertainty in the reporting

2

rate parameter p by drawing random samples from the distribution N (Ros, 07

) and taking

the inverse of the samples.
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Stage 2: MCMC for Bayesian hierarchical model

In the second stage, we estimate the other model parameters and the latent variables I,
using an MCMC algorithm that is similar to the one outlined by Morton and Finkenstadt
(2005). We use diffuse priors and derive the posterior conditional distribution for each
model parameter given data and p. Note that the posterior conditional distribution of any
I; involves all future values of I and the other parameters, because I; influences all S;, j > ¢,
from Equation . To propagate the uncertainty associated with the estimation of p from
the first stage, we plug in a random value for p in each MCMC iteration by taking the inverse

of a random sample drawn from the distribution N (fopg, 52).

We use the Metropolis-Hasting algorithm to draw posterior samples and adopt the fol-

lowing guidelines:

1. We use independent proper diffuse priors, such as the Normal, Uniform or Beta distri-

bution, depending on the range of the parameters.

2. The starting values for I, and ¢ must be realizable, i.e. C), < Iin) + Lym)+1 and
I, < S; < N, for each m and ¢t. Any proposed move such that these rules are violated

is rejected.

3. We update each I; individually using a discrete proposal distribution as outlined by
Wakefield et al.| (2011). After updating an [, all subsequent values in the susceptible

series S; are updated as well.

4. In preliminary work we saw that the posterior samples of 6, v; and 75 tend to be highly
correlated. We use the blocked Metropolis sampling technique (Wakefield, 2013)) to

update them together for more efficient convergence.



65

4.3 Simulation study

In this section, we illustrate our method and investigate the effect of uncertainty propagation
via a simulation study considering a range of reporting rates, from extremely low to high

(p = 0.01,0.1,0.3,0.5 and 0.7).

4.3.1 Set up

We simulated semi-monthly population and live births time series assuming a yearly popu-
lation growth rate of 2.5% and a yearly birth rate of 4%, a setting that is common among
LMICs (United Nations| 2019). To simulate the time series of adjusted births entering the
susceptible pool, we assumed an Rl-specific MCV1 coverage of 70% and a first-dose efficacy
of 87% (World Health Organization, [2017a). We set the starting values of the incidence
and susceptibles times series based on a simulation using the Epidemiological MODeling
(EMOD) software developed by the Institute of Disease Modeling (Insitutue for Disease
Modeling} 2020), and generated the subsequent I; and S; values based on the model de-

scribed in Section using the following true parameter values:
=3 =0 =02 =05 pMN=-12, ¢=10

We allowed the number of infected and susceptible individuals to stochastically change for
one year before collecting eight years of semi-monthly time series data. This resulted in
a 5.6% of the total population being susceptible to measles at the first time point, i.e.,
0 = 0.056. We let there be one SIA with an overall efficacy of p = 40% implemented in two
phases at the beginning of the fourth year, with 50% of the total target population covered
in each phase. Finally, for each reporting rate, we simulated a monthly observed incidence
C,, based on Equation (4.1J).

We used the simulated data from the first six years as the training set for model fitting
and the data from the last two years (i.e., the forecast period) for forecast validation. To

evaluate the model’s ability to estimate the potential effect of a “planned” SIA campaign, we
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Figure 4.1: The simulated semi-monthly time series of total population (left) and adjusted

births entering the susceptible population (right).
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Figure 4.2: The simulated semi-monthly time series of underlying incidence, without (left)

and with (right) a “planned” SIA at the beginning of the forecast period.

simulated an additional set of validation data assuming a second SIA with the same overall

efficacy of p = 40% was implemented at the beginning of the forecast period.

The simulated total population and adjusted births entering the susceptible population
are shown in Figure[4.1] The simulated time series of the underlying incidence and susceptible

population, with and without a “planned” SIA at the beginning of the forecast period, are
shown in Figures [4.2] and [£.3]
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Figure 4.3: The simulated semi-monthly time series of underlying susceptible population,

without (left) and with (right) a “planned” SIA at the beginning of the forecast period.

4.8.2  Computation and results

In each simulation corresponding to a reporting probability, we estimated the reporting rate
p in the first stage using the training data from the time period before the first SIA. Figure
shows the point estimates and 95% confidence intervals of p obtained by fitting OLS
regression models with robust standard errors to the cumulative monthly adjusted births and
the cumulative monthly reported incidence. The estimates are calculated by drawing 10000
random samples from the distribution N (ko.s,62) and taking the inverse of the samples.
Under all reporting rate scenarios, the point estimate is higher than the true parameter
value. Both the magnitude of the positive bias and the uncertainty associated with the
estimation increases with the level of true reporting rate. A possible reason is the violation
of the assumption that the ratio between the reported incidence and the underlying true
incidence p,, is approximately equal to p throughout the entire time period, that is, p,, = p
and Kk, = l% ~ /13 = k. This would result in “errors” associated with the predictor variable
(i.e., the cumulative reported incidence) that are not accounted for by the OLS regression
model, and hence lead to “attenuation bias” in the estimates of k. More discussion about
this issue is provided in Section [4.5]

In the second stage of the estimation, we used all data from the first six years (i.e.,

the training set) to estimate the other model parameters and the underlying incidence and
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susceptible dynamics. We drew 20000 posterior samples using the MCMC algorithm and
the uncertainty propagation procedure described in Section discarded the first 10000
samples as burn-in, and obtained the posterior medians and the 95% posterior credible
intervals (CIs) of parameters. The traceplots of the posterior samples are shown in Figures
to in Appendix

To investigate the impact of uncertainty propagation associated with the reporting rate
estimation in the first stage, we carried out an additional round of model fitting using the
same training data without the uncertainty propagation step. Specifically, instead of using
random samples of p drawn from the distribution estimated from the first stage, we plugged
in the true reporting rate in each MCMC iteration in the second stage. This would allow us
to see how much uncertainty in the model estimation and prediction can be attributed to the
uncertainty in reporting rate estimation. The traceplots of the posterior samples obtained
from this round of computation are shown in Figures to in Appendix [B]

Figures [4.5] and show the posterior medians and the 95% posterior CIs of the model
parameters computed with and without uncertainty propagation under various reporting rate
scenarios. When we estimate the model parameters with the true p values plugged in (blue
triangles and segments), most of the resultant point estimates are close to the true parameter
values and all 95% posterior Cls cover the truth. The model tends to overestimate the SIA
efficacy parameter p. Within each parameter, the uncertainties associated with the estimates
are quite similar across the various levels of reporting rate, except for when the reporting
rate is extremely low (p = 0.01), in which case the uncertainties tend to be considerably
larger than the other scenarios.

When we estimate the model parameters with the first-stage uncertainty propagated
(black triangles and segments), the resultant estimates tend to have wider 95% posterior
ClIs than the plugged-in results. The increases in CI widths tend to be larger when the
reporting rate is higher. The impact of uncertainty propagation is especially considerable
when p = 0.7, in which case the uncertainty associated with the first-stage estimation of p is

the greatest compared to the other scenarios. One exemption we see is the estimation of the
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dispersion parameter ¢, in which case the uncertainty propagation resulted in considerable
decreases in both the point estimates and the posterior CI widths. One possible reason is
that some of the variability in the underlying incidence induced by the uncertainty of the
p estimates was attributed to overdispersion, which lead to lower estimated values of the

dispersion parameter ¢.

To predict the underlying incidence and susceptible population dynamics in the forecast
period, we used the posterior samples of the model parameters from each MCMC iteration
and generated the potential realizations of the underlying dynamics according to Equations
through . For the simulations where a second SIA was implemented at the begin-
ning of the forecast period, we carried out the prediction assuming the “planned” SIA has

the same (estimated) efficacy of the previous campaign.

Figuresandshow the simulated true values, posterior medians and 95% Cls/predictive
intervals of the underlying measles incidence under various reporting rate scenarios, com-
puted with and without uncertainty propagation and/or a “planned” SIA at the beginning
of the forecast period. The corresponding results for the underlying susceptible population
dynamics are shown in Figures and [£.10[ Under all reporting rate scenarios, the model
successfully predicted the general timing and the relative magnitudes of the two measles
outbreaks in the forecast period when no SIA is implemented, and captured the effect of a
“planned” SIA if it were implemented at the beginning of the forecast period. However, the
model was not able to predict the peaks of the two outbreaks accurately. The results shown
in Figures [4.7 and also demonstrate the impact of uncertainty propagation in incidence
forecasting. Under all reporting rate scenarios, we see that the predictive intervals became
wider after the first-stage estimation uncertainty is accounted for in the second stage, and

the magnitude of the change increases with the first-stage uncertainty.

Finally, we computed the root mean squared error (RMSE) of the predicted underlying
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incidence during the forecast period, RMSE/, to assess the model’s forecast accuracy:

Ty

RMSE; = |~ > (I~ 1)

F =

where I, and I, are the “true” simulated incidence and the posterior median of the predicted
incidence at time ¢, and Ty = 48 is the total number of semi-monthly time steps in the
forecast period.

Figure [4.11] shows the results computed with (black) and without (blue) uncertainty
propagation from the reporting rate estimation in the first stage. When the true p is plugged-
in in the second stage estimation, the RMSE; is the highest when the reporting rate is
extremely low (p = 0.01). As reporting rate increased, the forecast accuracy first measured
by the RMSE; first improved sharply, and then remained relatively stable. The impact of
uncertainty propagation on RMSEy is small under under reporting rate scenarios, except for
when the reporting rate is high (p = 0.7) and the fist-stage uncertainty and bias are large.
In this case, the RMSE; value computed with uncertainty propagation is much higher than

the plugged-in value.
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Figure 4.4: The point estimates and 95% confidence intervals of the reporting rate parameter
p obtained by fitting OLS regression models with robust standard errors to the cumulative
monthly adjusted births and the cumulative monthly reported incidence before the first
SIA. The estimates are calculated by drawing 10000 random samples from the distribution
N (fovs, 02) and taking the inverse of the samples. When p = 0.01, the point estimate is
0.0102 and the 95% confidence interval is (0.0095,0.0111). When p = 0.1, the point estimate
is 0.107 and the 95% confidence interval is (0.099,0.117).
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Figure 4.5: The posterior medians and the 95% posterior credible intervals (CIs) of 1, 72, 3
and 4 for when the reporting rate is 0.01, 0.1, 0.3, 0.5 and 0.7 (along the x-axis), computed
with (black) and without (blue) uncertainty propagation from the reporting rate estimation

in the first stage.
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in the first stage.



25k

20k

15k

10k

5k

Semi-monthly incidence |

0k

25k

20k

15k

10k

Semi-monthly incidence |

5k

0Ok

20k

15k

10k

Semi-monthly incidence |

5k

0Ok

25k

20k

15k

10k

5k

Semi-monthly incidence |

0Ok

25k

20k

15k

10k

Semi-monthly incidence |

5k

0Ok

SIA —— Posterior median
Validation period 95% posterior Cl
® Truel
T T T T T T T T T
0 24 48 72 96 120 144 168 192
Semi-month t
SIA —— Posterior median
Validation period 95% posterior CI
e Truel
T T T T T T T T T
0 24 48 72 96 120 144 168 192
Semi-month t
1A —— Posterior median
Validation period 95% posterior Cl
e Truel

0 24 48 72 96 120 144 168 192
Semi-month t
SIA —— Posterior median

Validation period

95% posterior Cl

e Truel
T T T T T T T T T
0 24 48 72 96 120 144 168 192
Semi-month t
SIA —— Posterior median
Validation period 95% posterior CI
® Truel
T T T T T T T T T
0 24 48 72 96 120 144 168 192
Semi-month t

Semi-monthly incidence | Semi-monthly incidence | Semi-monthly incidence | Semi-monthly incidence |

Semi-monthly incidence |

25k

20k

15k

10k

5k

0k

25k

20k

15k

10k

5k

[US

25k

20k

15k

10k

5k

[US

25k

20k

15k

10k

5k

[US

25k

20k

15k

10k

5k

[US

SIA —— Posterior median
Validation period 95% posterior Cl
e Truel

T T T T T T T T T

0 24 48 72 96 120 144 168 192
Semi-month t
SIA —— Posterior median
Validation period 95% posterior Cl
e Truel

0 24 48 72 96 120 144 168 192

Semi-month t

—— Posterior median

1A
Validation period 95% posterior CI

e Truel
T T T T T T T T T
0 24 48 72 96 120 144 168 192
Semi-month t
SIA —— Posterior median
Validation period 95% posterior Cl
e Truel

0 24 48 72 96 120 144 168 192
Semi-month t
SIA —— Posterior median
Validation period 95% posterior CI
e Truel
w A
T T T T T T T T T
0 24 48 72 96 120 144 168 192
Semi-month t

74

Figure 4.7: The simulated true values, posterior medians and 95% posterior CIs/predictive

intervals of the underlying measles incidence computed with uncertainty propagation for

when the reporting rate is 0.01, 0.1, 0.3, 0.5 and 0.7 (from top to bottom), without (left)

and with (right) a “planned” SIA at the beginning of the forecast period, respectively.
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Figure 4.8: The simulated true values, posterior medians and 95% posterior CIs/predictive

intervals of the underlying measles incidence computed without uncertainty propagation

(i.e., true p plugged in) for when the reporting rate is 0.01, 0.1, 0.3, 0.5 and 0.7 (from top

to bottom), without (left) and with (right) a “planned” SIA at the beginning of the forecast

period, respectively.
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Figure 4.9: The simulated true values, posterior medians and 95% posterior Cls/predictive

intervals

of the underlying susceptible population computed with uncertainty propagation

for when the reporting rate is 0.01, 0.1, 0.3, 0.5 and 0.7 (from top to bottom), without (left)

and with (right) a “planned” SIA at the beginning of the forecast period, respectively.
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Figure 4.10: The simulated true values, posterior
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medians and 95% posterior Cls/predictive

intervals of the underlying susceptible population computed without uncertainty propagation

(i.e., true p plugged in) for when the reporting rate is 0.01, 0.1, 0.3, 0.5 and 0.7 (from top

to bottom), without (left) and with (right) a “planned” SIA at the beginning of the forecast

period, respectively.
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Figure 4.11: The root mean squared error of the underlying incidence in the forecast period,
RMSEy, calculated using the posterior medians of the semi-monthly incidence estimated
with (black) and without (blue) uncertainty propagation from the reporting rate estimation

in the first stage.

4.4 Analysis of the measles incidence data in Benin

In this section, we illustrate our method by analyzing the monthly reported measles incidence
in Benin between 2012 and 2018. Specifically, we fit our model using the data collected
between January 2012 and December 2016, estimate the efficacy of the one SIA campaign
carried out in this time period, and forecast the reported incidence between January 2017

and December 2018 for model validation.

4.4.1 Data

We obtained the yearly national population estimates and crude birth rates of Benin from
2011 to 2018 from the WorldBank database (The World Bank, 2019). The estimates were

linearly interpolated over time to calculate the semi-monthly total population and live-births
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time series on the national level. To obtain the adjusted births entering the susceptible pool,
we first calculated the department-level (administrative level 1 in Benin) live-births using
a set of proportions derived from the WorldPop estimates (WorldPop| [2017). We used
the infant mortality rate estimates from the Institute for Health Metrics and Evaluation
(IHME) (Institute for Health Metrics and Evaluation, 2019) to approximate the under-9-
month mortality rate in each department and calculated the number of 9-month-old children
at each time point. Using the space-time smoothing model developed in Chapter 3| (Dong
and Wakefield, 2020)), we also obtained the department-level Rl-specific MCV1 coverage with
data from the Multiple Indicator Cluster Surveys (MICS) conducted in 2006, 2012 and 2017
(UNICEF}, 2020) and the Demographic and Health Survey (DHS) conducted in 2014 (ICF,
2020a)). Finally, we calculated the adjusted births time series for each of the 12 departments
in Benin assuming the efficacy of the first dose of measles vaccine is 87% (World Health
Organization, [2017al) based on Equation , and aggregated them to obtain the adjusted
births on the national level.

The monthly reported measles incidence and the SIA calendar were downloaded from the
WHO database (World Health Organization) 2020c). There was one national SIA campaign
implemented in two phases during the time period of interest: 2.6 million children aged
between 9 months to 9 years were first targeted at the beginning of December 2014, then
another 0.4 million children of the same age group were targeted at the end of January 2015.

The reported incidence time series is shown in Figure [4.12]

4.4.2  Computation and results

For reporting rate estimation, we fitted an OLS regression model with robust standard er-
rors using the cumulative adjusted births and cumulative reported incidence data collected
between January 2012 and December 2014. We drew 10000 random samples from the distri-
bution N (Aovs, 62) and took the inverse of the samples to obtain estimates for the reporting
rate parameter p. The resultant estimates for p are extremely low, with a point estimate

of 0.0074 and a 95% confidence interval of (0.0069, 0.0081). This suggested that there was
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Figure 4.12: The monthly reported measles incidence in Benin between January 2012 and

December 2018.

severe under-reporting in Benin’s measles surveillance data during this time period.

We carried out the second stage of estimation described in Section with uncertainty
propagation using data collected between January 2012 and December 2016. We drew a total
of 20000 posterior samples, discarded the first 10000 samples as burn-in, and obtained the
posterior medians and the 95% posterior CIs of the model parameters and the underlying
incidence time series. The traceplots of the posterior samples are shown in Figures to
in Appendix [B]

Table shows the summary results for the parameter estimation. In particular, the
estimates for # implied that an estimated 2.8% (95% CI: 0.5%, 14.9%) of the total popu-
lation was susceptible to measles at the beginning of year 2012. As for SIA efficacy, the
point estimate of p suggested that an estimated 49.9% of the susceptible population were
immunized after the SIA implemented in 2014-15. However, the 95% posterior CI of p is
very wide (14.5%, 85.9%), indicating that the estimated efficacy was associated with huge
uncertainty. This is expected considering the extremely low reporting rate estimates from
the first stage and the relatively short time series we used for this analysis.

Finally, we predicted the underlying incidence and susceptible population dynamics in
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the forecast period by generating the potential realizations of the underlying dynamics using
the posterior samples of the model parameters from all MCMC iterations. In Figure we
compare the posterior medians and 95% Cls/predictive intervals of the underlying monthly
measles incidence, scaled by the estimated reporting rate, to the reported incidence time
series in Benin between 2012 and 2018. The model was able to predict the general timing
of the first two outbreaks and their relative magnitudes in the forecast period, but failed to
predict the occurrence or the magnitude of the third outbreak. The estimated underlying

incidence and susceptible population dynamics are also shown in Figure for reference.

Parameter Estimate 95% CI
p 0.0074  (0.0069, 0.0081)
" 3.08 (2.10, 5.34)
- 20.005  (-0.016, 0.003)
s 0.173  (-0.002, 0.376)
- 0.248  (0.080, 0.438)
gen 11.2 (-12.5, -10.5)
0 0.028  (0.005, 0.149)
p 0499  (0.145, 0.859)
¢ 4.89 (2.48, 9.87)

Table 4.1: The posterior medians and the 95% posterior CIs of model parameters from
the Benin analysis. The estimates for p were obtained by fitting an OLS regression model
with robust standard errors to the cumulative monthly adjusted births and the cumulative
monthly reported incidence before December 2014. The estimates are calculated by draw-
ing 10000 random samples from the distribution N (ko.s,02) and taking the inverse of the

samples.
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Figure 4.13: The posterior medians and the 95% posterior Cls/predictive intervals of (1) Top:

the underlying monthly measles incidence scaled by the estimated reporting rate (with the

true reported incidence time series); (2) Middle: the underlying semi-monthly true incidence;

and (3) Bottom: the underlying semi-monthly susceptible population in Benin between 2012

and 2018.
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4.5 Discussion

In this chapter, we developed a discrete-time hidden Markov model under the TSIR frame-
work to estimate SIA efficacy using measles incidence time series data. Our approach
accounts for under-reporting and seasonality of measles transmission, and accommodates
monthly reported incidence data that is publicly available from the WHO database. We
proposed a two-stage estimation procedure that first estimates the reporting rate through
an OLS regression model with robust standard errors and then estimates the rest of the
model parameters and the underlying incidence dynamics via an MCMC algorithm with
uncertainty propagation. The proposed method can be used to estimate the fraction of sus-
ceptible people immunized by past SIAs and forecast incidence trends in the future under

various hypothetical STA scenarios.

We illustrated our method and investigated the impact of uncertainty propagation on
parameter estimation and incidence prediction via a simulation study considering a range of
reporting rates. In addition, we also applied our method to analyze the reported measles
incidence data in Benin from 2012 to 2018. While both the simulation study and the Benin
example demonstrate our model’s ability to predict the general timing and relative magni-
tudes of measles outbreaks in the near future, they also revealed some of the limitations of
our approach. As shown in Section 4.3.2] our reporting rate estimation method produces
biased results, especially when the reporting rate is high. A possible cause of this issue
is that the derivation of the OLS procedure outlined in Section was based on a key

approximation: the ratio of the reported cases to the underlying cases at each time point is

approximately equal to the reporting rate parameter p, i.e., p,, = p and k,,, = pi ~ % = k for
each month m. However, this approximation may not hold if the empirical ratios p,, = ?—m

deviate from the parameter p at one or more time points. Such deviations may arise due

to the discreteness of C,, and I,,,, the binomial variation in Equation (4.1]), or measurement
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errors in the reported incidence C,,. In this case, we could write Equation (4.9) as

i=1 i=1

i=1

=1
m

= S() + ZBZ — HZ(CZ + EZCZ)
=1 =1

m

—— i BZ = (Sm — So) + HZ(CZ + EzCz)
=1 =1

where ¢; = “ — 1 quantify the deviations between r; and x. Using the previously defined

notation, the above can be written as

Yoo =B+ ) (Ci+&Ci) + U

i=1

=Bo+rY Cr+Upy
=1

:BO—i_KX;@—i_Um

where Cf = C; + ¢C; and X, = >7" CF. If each ¢ value is known, we can use X, =
Yo, Cr=3""(Ci 4+ €C;) as the predictor variable in the OLS regression model to obtain
an unbiased estimator for x. Unfortunately, ¢; is unknown and its variability is difficult
to estimate with the available data. Our current procedure, described in Section [4.2.2]
uses the cumulative observed counts X,, = Z:Zl C; as the predictor variable instead. As
such, there would be “errors” in the predictor variable X,, that are not accounted for by
the OLS regression model, resulting in an underestimate of the coefficient x, known as the
“attenuation bias” (Chesher} (1991} |Griliches and Ringstad, 1970} Frost and Thompson) 2000;
Fuller], [2009). Since x is defined to be the inverse of p, this would translate into a positive
bias in the estimates of p, which has been seen in our simulation study. What makes our case
even more complicated is the fact that the predictor variable X,, is a cumulative quantity.
As a result, the “errors” associated with X, increase with m, making correcting the bias a

very difficult problem that requires more in-depth research.
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Another aspect of our model that could be improved is to allow temporal fluctuations
in the reporting rate that may be influenced by time-varying factors such as the state of
the epidemic and reports in the media. Finkenstadt and Grenfell (2000) described a spline-
based method for estimating time-varying reporting rates, but the approach uses an ad-hoc
algorithm for deciding the bandwidth and gave poor performance in some of our preliminary
work. As|Angela (2019) has pointed out, under-reporting corrections should be geographical-
and disease-specific, as well as age- and gender-dependent. We are currently exploring al-
ternative model specifications that can potentially incorporate additional information, such
as measures of availability and reliability of surveillance system, to detect and account for
temporal trends in reporting rates.

In our model, the semi-monthly time series of total population and adjusted births are
input data that are treated as the truth — we consider them to be deterministic quantities
with fixed values. A potential extension of our current method is to account for potential
uncertainties in the population and births data and propagate these uncertainties in param-
eter estimation and incidence prediction. In addition, the balancing equation characterizing
the susceptible dynamic currently assumes negligible non-measles deaths among the sus-
ceptible people. To relax this assumption, one can potentially add another component to
the balancing equation to explicitly account for the people exiting the susceptible pool due
to non-measles deaths. The viability and data requirement of this extension still requires
further investigation.

It should be noted that our model was derived based on some key underlying assump-
tions that the TSIR models require. These include homogeneous mixing of the human host
population and frequency-dependent contact rate (see Section . Therefore, the model is
not suitable for analyzing data from extremely large geographical areas in which there is
considerable heterogeneity in measles transmission dynamics. An interesting future research
topic is to extend the current method to jointly model incidence from multiple areas while

allowing for spatially and temporally correlated transmission patterns.
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Chapter 5

MODELING AND PRESENTATION OF
VACCINATION COVERAGE ESTIMATES
USING DATA FROM HOUSEHOLD SURVEYS

5.1 Introduction

There has been an explosion in high-resolution map production for health and demographic
indicators (Gething et al., [2015, [2016; |Golding et al., 2017; |Steele et al., 2017; Bosco et al.,
2017; Osgood-Zimmerman et al., [2018; |Graetz et al| 2018)), including childhood vaccination
coverage (Takahashi et al.l 2017 |Utazi et al., 2018, 2019a,b; Mosser et all 2019; |Utazi
et al., [2020). The WorldPop project (WorldPop), [2020a) and the Institute for Health Metrics
and Evaluation (IHME) (IHME, 2020a) are two major producers of vaccination coverage
surfaces at fine spatial scales. Their estimates are used by researchers and policy makers

from organizations across the globe (WorldPop, [2020b; THME] 2020b).

Household surveys, such as the Demographic and Health Surveys (DHS) (ICE} 2020a)
and the Multiple Indicator Cluster Surveys (MICS) (UNICEF} |[2020)), are a main data source
for mapping vaccination coverage (Utazi et al., 2018| 2019a,b; Mosser et al., 2019). In recent
DHS surveys, the groupings of households, known as clusters, are geo-referenced via their
Global Positioning System (GPS) coordinates. Both WorldPop and IHME use model-based
geostatistics (Diggle and Giorgi, [2019) to analyze cluster-level survey data. The core of
their methods involves the following steps: match survey cluster locations to a collection of
geospatial covariates, fit Bayesian spatial regression models to the cluster-level data using
a continuous Gaussian Process (GP) model, and produce pixel-level vaccination coverage
estimates on a fine grid. Often, the pixel-level estimates are aggregated by population

density to form administrative-area-level estimates which are usually more relevant in the
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context of immunization program monitoring and intervention planning.

This map production framework has a number of advantages. It allows for utilization
of geospatial covariates from different sources, avoids the arbitrariness of the definition of
neighbors in a discrete spatial model, allows combination of data with different geographical
resolutions (Wilson and Wakefield, |2018)), and allows coverage estimation for small admin-
istrative areas in which there are few or no survey clusters. However, it also has many
challenges that need to be carefully addressed. First, the survey cluster locations are of-
ten randomly displaced within a certain radius (known as jittering) to preserve respondent
confidentiality (ICF} 2020b). This makes it difficult to accurately match the survey clusters
to geospatial covariates as the exact cluster locations are unknown. In addition, household
surveys in low- and middle-income countries (LMIC) use multi-stage stratified cluster de-
signs, with stratification by geographical region crossed with urban/rural. Not accounting
for the survey design is well known to lead to biased estimates when stratification is ignored
and anticonservative uncertainty intervals when clustering is not acknowledged (Paige et al.,
2020). The appropriate acknowledgement of survey design in a model-based framework is
challenging. Last, but not least, most household surveys are powered to provide reliable
estimates at a particular sub-national scale (e.g., administrative-1 areas which are one below
the national level). This implies that pixel-level vaccination coverage estimates are often
associated with high uncertainties due to the sparsity of survey data, and care needs to be

taken to appropriately present the estimates with their uncertainties.

In this chapter, we focus on two key aspects of the map production process: the acknowl-
edgement of the survey design in modeling, and the appropriate presentation of estimates
and their uncertainties. We use the coverage of the first dose of measles-containing-vaccine
(MCV1) among children aged 12-23 months in Nigeria as a motivating example and illus-
trate modeling and presentation using data from the 2018 Nigeria Demographic and Health
Survey (NDHS) (National Population Commission - NPC and ICF}, [2019)). In Section[5.2] we
introduce the 2018 NDHS and present descriptive summary of the data. We then compare
common models in Section [5.3 including the model used in [Utazi et al| (2018), to illus-
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trate approaches to modeling survey stratification and cluster-level non-spatial variation.
A discussion of the trade-off between the geographical scale and precision of model-based
estimates is presented in Section [5.4] along with a demonstration of visualization methods
for mapping and ranking that emphasize the probabilistic interpretation of results. We also
propose a novel approach to coverage map presentation that allows comparison and control
of the overall map uncertainty level. In Section [5.5 we conclude with a general discussion

and guidelines for map production and presentation.
5.2 DMotivating example: the 2018 Nigeria DHS

The 2018 NDHS used a stratified, two-stage cluster design and a sampling frame derived
from the Nigeria census conducted in 2006. Stratification was achieved by separating each
of the 36 states and the Federal Capital Territory (i.e., the 37 administrative-1 areas, and
hereafter referred to as Nigeria’s 37 states) into urban and rural areas. Samples were selected
independently in each stratum via a two-stage process: first, a pre-specified number of pri-
mary sampling units (PSUs), referred to as survey clusters, were selected from the sampling
frame of census enumeration areas (EAs) with probability proportional to size; then, a fixed
number of 30 households in every cluster were selected through equal probability systematic
sampling. Due to the non-proportional allocation of the sample to the different states and the
possible differences in response rates, each survey respondent is assigned a sampling weight
to approximate the relative number of people he or she represents in the total population.
A total of 1389 survey clusters were selected to provide results representative at the
national level as well as the state level. During the household listing operation, about 11
clusters were dropped as they were found to be insecure or vacated due to high levels of
insurgency. In addition, due to extreme security issues in Borno state, 11 local government
areas (LGAs, which are administrative-2 areas) where about 39% of Borno households reside,
were dropped from the survey. Clusters selected from the dropped LGAs were replaced with
other clusters from the remaining 16 LGAs in Borno. Consequently, state-level estimates for

Borno are not representative for the dropped LGAs. In this paper, we focus on the coverage
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of MCV1 among children aged 12-23 months based on evidence from either vaccination
cards or caregiver recall. We remove the clusters that had no GPS location information
or no eligible child samples and analyze data collected from the 5886 children aged 12-23

months in the remaining 1301 survey clusters.

5.2.1 Descriptive data analysis

We let ¢, ¢ and k index states, survey clusters and children respectively and let ;. be the 0-1
indicator of whether child k, sampled at cluster ¢ in state i, has received MCV1 at the time
of interview. We obtain the design-based Horvitz-Thompson (HT) direct estimates (Horvitz

and Thompson, |1952) of the MCV1 coverage p; for state i using

ﬁHT _ 221 2221 Yick X Wick
' Dot Do) Wic,

where m; is the number of survey clusters in state i, n;. is the total number of children

sampled at cluster c in state i, and w;. is the survey weight assigned to child k£ sampled at
cluster ¢ in state ¢. The survey weights are the reciprocal of the sampling probabilities with
a non-response adjustment. The 90% confidence intervals (Cls) associated with the direct
estimates can also be calculated using design-based variance estimators that acknowledge the
stratification and clustering. All design-based estimation is implemented using the survey
package (Lumley|, 2004)) in the R computing environment (Team, R Core} 2020)).

Figure shows the maps for the state-level HT direct coverage estimates p;'" and the
widths of the associated 90% CIs. In general, the northern states of Nigeria have lower
estimated MCV1 coverage than the southern states. Most 90% CI widths are relatively
narrow, indicating moderate confidence in the state-level direct estimates.

In Figure 5.2 we show the spatial distribution of the observed MCV1 coverage among
children aged 12-23 months as recorded at the cluster level. In general, the survey clusters
in northern Nigeria tend to have lower observed MCV1 coverage than those in the south,
and clusters that are closer to each other tend to have similar observed coverage — a sign of

spatial correlation. However, it is not uncommon to see clusters in close proximity having
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Figure 5.1: Left: state-level Horvitz-Thompson direct estimates of MCV1 coverage among

children aged 12-23 months. Right: the widths of the associated 90% confidence intervals.

significantly different observed coverage, which could be outcome variation explained by

factors other than spatial location and/or sampling variation.

5.2.2  Semi-variogram analysis

We take a closer look at the variation and spatial correlation in cluster-level observed coverage
by examining the empirical semi-variogram (Diggle and Giorgi, [2019) based on the following

non-spatial binomial mixed model:

Y;clpic ~ Binomial (nicy pzc)
logit(pic) =a+ ﬂ—rwic + Oz'c (51)

Cie ~iia Normal (O, 0(2;) ,

where ~;;q is short for “are independently and identically distributed as”. Here, Y;. is the
random variable representing the number of vaccinated children out of n,;. who are sampled in
cluster c of state i, p;. is the probability of vaccination parameter in the binomial model that
represents the cluster-level vaccination coverage, and ;. is the vector of covariates associated

with cluster ¢ in state i. We use the same covariates selected by [Utazi et al.| (2018). These
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Figure 5.2: Spatial distribution of the observed MCV1 coverage among children aged 12—
23 months as recorded at the 2018 NDHS cluster level. The cluster-level observed MCV1
coverage is calculated as the proportion of children sampled in a survey cluster who have had
at least one dose of MCV at the time of interview, based on evidence from either vaccination

cards or caregiver recall.

covariates are: poverty, aridity, log-transformed night-time lights, log-transformed travel time
and enhanced vegetation index (EVI). Details of the data sources are provided in Appendix
[Cl To extract the covariate values at each DHS cluster location and account for the jittering,
we overlay the cluster GPS coordinates with covariate layers that have been standardized at
a 1 x 1 km resolution and create 2 km and 5 km buffers around clusters in urban and rural
areas respectively. The mean values of the grid cells within the buffers were extracted to
be used as the covariate values for the cluster-level survey data. This procedure is adopted
from the methods used by |Utazi et al.| (2018).

The semi-variogram is a standard tool for examining spatial dependence. Figure [5.3
shows the empirical semi-variogram based on the posterior medians of the random effects Cj.,
estimated using the integrated nested Laplace approximation (INLA) approach (Rue et al.|
2009), implemented in the INLA package in R (see Section . The semi-variogram shows

an increasing trend with increasing distance between points, that flattens out at a range of
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Figure 5.3: The empirical semi-variogram for MCV1 coverage in Nigeria based on the pos-

terior medians of the random effects C}. in the non-spatial binomial mixed model 1D

around 250 km, indicating that locations farther apart than that distance are not spatially
correlated. In addition, the semi-variogram exhibits a considerable nugget effect when the
spatial distance is very small. The nugget is typically associated with “measurement error”
and small-scale variation (Diggle and Giorgi, 2019). This hints at the existence of non-spatial
excess variation in the outcome at the cluster level, in addition to the variation explained by

covariates and the spatial field.

5.3 Acknowledging the survey design in modeling

The stratified multi-stage cluster design adopted by the 2018 NDHS is ubiquitous among
major household surveys that measure vaccination coverage. When fitting continuous spatial
models to data from such surveys, it is essential to account for two key characteristics of
the design: the stratification and clustering of the samples. A simulation study conducted

by [Paige et al.| (2020]) shows that explicitly accounting for survey stratification by including
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urbanicity as a covariate in continuous spatial regression models improves predictions. If
the response is associated with urbanicity then the improvement can be considerable. If any
strong urban/rural association with the outcome is not properly modeled, large bias can
result. WorldPop and IHME do not explicitly adjust for stratification in their models (Utazi
et al., 2018, 2019alb; [Mosser et al.| 2019; Utazi et al., 2020), but they do include extensive

covariates which may, to some extent, implicitly adjust for the urban/rural stratification.

Acknowledging the clustering of survey samples is also challenging. WorldPop routinely
ignore clustering in their models (Utazi et al., 2018, 2019a,b). THME include an indepen-
dent nugget error term in the linear predictor of cluster-level coverage estimate to capture
the non-spatial excess variation in survey outcomes (Mosser et al., [2019). However, this
approach has been used without explicit consideration of the mechanisms by which excess
variation at the cluster level manifests itself. Traditionally, in the context of a continuous
outcome, an estimated nugget effect has been attributed to measurement error or small-
scale spatial variation (Diggle and Giorgi, 2019; [Chiles and Delfiner, |2009). In the context
of a vaccination coverage survey where Bernoulli sampling is carried out, measurement error
would correspond to misclassification (willfully or by accident) of the binary outcomes. This
undoubtedly occurs, but explicitly modeling the misclassification probabilities is difficult
without gold standard data. In this paper, we focus on two other plausible forms of excess
variation: (i) within-cluster variation that induces overdispersion at the cluster level,
and (ii) between-cluster variation that represents true signal at the cluster level. The
former is often referred to as excess-binomial variation, and the latter are “shocks” in the
signal due to specific conditions at the cluster. One needs to carefully consider which form

is adopted before choosing an estimation procedure that gives appropriate inference.

5.3.1 Model description

To illustrate and compare the various approaches of accounting for survey design in modeling,

we consider variants of the following base model in which neither stratification nor clustering
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is explicitly acknowledged:

Yie|pic ~ Binomial (., pic) (5.2)

logit(pic) = o + B xi + S(8ic) (5.3)

In addition to the notations defined previously, we let s;. be the location associated with
cluster ¢ in state ¢ and S(s;.) be a spatial random effect that follows a GP: S(-) ~ GP (0, Xg)
with X5 = [0%, p], where 0% is the marginal spatial variance and p is the spatial range (i.e.,
a distance at which the spatial correlation becomes negligible). Note that the GP we use
is the solution to a stochastic partial differential equation (SPDE) which is approximated
by a particular Gaussian Markov Random Field (GMRF) defined on a fine triangular mesh
(Lindgren et al [2011). This binomial model includes no nugget at the cluster level beyond
the spatial field, hence we label this the Binomial NN model.

To obtain model-based vaccination coverage estimate for cluster ¢ in state 7, we can con-

struct an approximation to its marginal posterior distribution by drawing posterior samples:
P = expit ('™ + BT, + S(s:)™), (5.4)

where the superscript (m) denotes the mth posterior sample of the respective parameter.
Recall that a survey cluster is a census EA that has been sampled for the survey. Therefore,
administrative-area-level coverage estimates can be obtained by aggregating the cluster-level
estimates of all EAs in the area weighted by the population proportion in the EA. For
example, the model-based vaccination coverage estimate for state ¢ can be calculated using

the posterior samples

C;
P =" P X gue,
c=1

where C; is the total number of EAs in state ¢ and ¢;. is the proportion of the 12-23m
population of state i that is in EA /cluster ¢. Almost always, however, the complete sampling

frame of EAs is not available. In this case, we can approximate the state-level coverage by
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aggregating cluster-level estimates over an approximated gridded EA map:
G;
p™ 2> P X gy, (5.5)
g=1

where g indexes the gridded EA and G; = C; is the total number of EAs in state i. The
approximated EA map can be created using a gridded population density map and summary
tables that are routinely available from survey reports. Details are provided in Appendix [C]

To acknowledge the urban/rural stratification, we can extend to include urbanicity

as a covariate in the model:
logit(pic) = a + B @i + I (8ic € Urban) + S(si.). (5.6)

Inference for cluster-level coverage p;. can be obtained using posterior samples of contributing
parameters in an analogous way to equation , and the administrative-area-level estimates
can be approximated using the aggregation procedure summarized in equation .

Now we focus on accounting for clustering and consider two mechanisms by which cluster-

level non-spatial variation arises.

Within- Cluster Variation

Suppose within a super-population in a cluster there are groups with their own distinct
vaccination coverage. If we carried out repeated sampling at this cluster, a different group
(or mixtures of groups) would be sampled each time and we would “see” a different coverage
beyond sampling variation. This phenomenon has been extensively studied in the statistics
literature (McCullagh and Nelder, 1989). In this case, we have within-cluster variation
that induces overdispersion (OD) at the cluster level. What we are really interested in is
the overall coverage we would see if we could sample everyone in the cluster. To capture this
kind of variation, we can assume that each group’s coverage is drawn from a distribution.
We describe two possible models that achieve this purpose. First, we can assume that each

group’s coverage follows a beta distribution. This results in a Beta-Binomial likelihood for



the data:

Yie|ptic, d ~ Beta-Binomial (ne, i, d)

logit(pie) = a + B xs + I (85 € Urban) + S(s;.).

Specifically, we can think of this model as a result of:
Y;c’pic ~ Binomial (n’ica pzc)
Dicltic, d ~ Beta (pic, d) ,

where the beta distribution is parameterized as

E [pic|,uica d] = Hic
Nic(l - :uiC)
il lic, d) = —————=.
var piclpie, d = 2

Marginally, the data follows a Beta-Binomial distribution with

E [Y;c’,uica d] = Njclbic
Nie + d
1+d°

var [Yie| tie, d] = Nicpric(1 — pic) X
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The parameter d > 0 characterizes the degree of overdispersion, with higher values of d

corresponding to less overdispersion. The limiting case of a Beta-Binomial distribution at

d = oo is a binomial distribution. The target of inference is E [pic|ptic, d] = ptie, which

corresponds to the hypothetical coverage we would see if we could sample everyone in the

cluster — it can be estimated using posterior samples of contributing parameters in ([5.8)). We

label this model the Beta-Binomial OD model.

An alternative is to assume that each group’s coverage follows a normal distribution on

the logit scale (i.e., a logit-normal distribution). This results in a Lono-Binomial likelihood

for the data:

2 - - 2
Yic|nic, 05 ~ Lono-Binomial (nic, Nics 05)

Nie = a + B i + I (8ic € Urban) + S(s;.).
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The Lono-Binomial distribution is the compound distribution where the p parameter in the
binomial distribution as being randomly drawn from a logit-normal distribution. We use this
name to emphasize the parallel between this distribution and the Beta-Binomial distribution.

Specifically, we can think of this model as a result of:

Y;C|Qic ~ Binomial (nim QZC>
logit (Qz‘c) |77i07 Ug = Nic + dic

Oic ~iiq Normal (O, o—§)

The parameter o3 > 0 characterizes the degree of overdispersion, with higher o3 value
corresponding to more overdispersion. The limiting case of a Lono-Binomial distribution at
02 = ( is a binomial distribution. The target of inference in this case is E [g;c|nic, 03], which,

by the law of the unconscious statistician, equals

Pic = E [@ie| e, 03] = /eXpit (nic + 6) m (0]03) do
)

. Nic
~ expit [ ————
( 1+ h%?)
T, I (s: 4
— expit (o‘ B @ie 71 (8 € Urban) + S(S”>> . (5.9)

V1+h2o?

where h = . For a derivation of this approximation, see Section 9.13.1 of Wakefield

161/(3)
5

157

(2013)). Inference for this target can be obtained using posterior samples of contributing

parameters in (5.9). We label this model the Lono-Binomial OD model.

Between-Cluster Variation

The cluster-level excess variation may also be true signal (TS) that represents between-
cluster variation in cluster coverage means beyond the spatial field. In this case, if we
carried out repeated sampling at this cluster, we would “see” different groups having the

same mean coverage. We can model this kind of variation using an independent normal term
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in the linear predictor of cluster-level vaccination coverage:

Yic|pic ~ Binomial (nc, pic)
logit(pic) = o + Bx;. + I (sic € Urban) + S(s;.) + €

€;c ~ Normal (0, 052)

We emphasize that ;. is capturing between-cluster differences in coverage, not the within-
cluster variability that induces overdispersion in the Lono-Binomial OD model. Hence, the

target of inference is
pic = expit (a + B @i + vI (s;c € Urban) + S(s;.) + €;c) (5.10)

which is different from (5.9)). Posterior samples of contributing parameters can be used to

estimate ([5.10)), with elm randomly sampled from a N (O, ol (m)> distribution. We label this

ic

model the Binomial T'S model.

In reality, the cluster-level non-spatial variation is likely to be the result of a mixture
of the within-cluster overdispersion and between-cluster true signal, but most household
surveys only obtain a single sample of households within each selected cluster, so the survey
data does not contain enough information to identify the source of the cluster-level variation.
Therefore, map producers need to be extremely careful about their assumptions regarding
cluster-level extra variation when choosing the target of inference for vaccination coverage

estimation.

5.3.2 Model comparison via 2018 NDHS analysis

We apply the aforementioned four classes of models, namely Binomial NN, Beta-Binomial
OD, Lono-Binomial OD and Binomial TS, to analyze data from the 2018 NDHS. We fit
two models within each class: one with urbanicity as a covariate to account for survey
stratification and the other without. In addition, all models include the same set of covariates:
poverty, aridity, log-transformed night-time lights, log-transformed travel time and enhanced

vegetation index (EVI).
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All models were fitted using the INLA approach (Rue et al. 2009) implemented in the
INLA package in R. For the intercept «, a N(0, 0) prior is used, where the format is N(mean,
precision); this prior is improper but the intercept is well estimated. For the other fixed
effect parameters (i.e., 3,7) We used N(0, 0.001) priors. We used the Penalized Complexity
(PC) priors (Simpson et al., 2017) for the hyperparameters of the random effects — these
are typically the most sensitive to the prior choice. For the spatial range p, we set a PC prior
so that the median effective range is at a fifth of the diameter of the spatial domain. For
the variance hyperparameters, we set PC priors so that Pr(o. > 1) = Pr(ocg > 1) = Pr(os >
1) = 0.01.

For model comparison, we use the widely applicable information criterion (WAIC) (Watanr
abel, 2010) to evaluate the predictive power of the models. We also conduct a 37-fold cross-
validation exercise to assess the performance of out-of-sample predictions. Specifically, we
use the hold-out method of cross-validation, setting aside data from an entire state each
time. Within a hold-out state, we let y. and n. be the number of vaccinated and sampled
children at cluster ¢, and p. = £ be the observed coverage at cluster c. In addition, we let p,
be the posterior median of the coverage estimate at cluster ¢ obtained from fitting the model
on data from other states. Using the hold-out data from m cluster locations, we compute

the following model validation criteria:
e Bias = L 3> (B — pe).

e Mean Absolute Error (MAE) = £ 3" |pe — pel.

e Root Mean Square Error (RMSE) = \/% S (Pe — pe)’.

Table[5.1|reports the estimates of selected parameters and the model validation results for
each model. Based on the results, the odds of being vaccinated against measles is estimated
to be 35% to 42% higher in an urban area than in a rural area. The 95% credible intervals
(CIs) of the corresponding coefficients are always strictly greater than 0 (i.e., odds ratio

greater than 1), indicating a strong association between urbanicity and MCV1 coverage after
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accounting for the other covariates. Across all model classes, adding the urban/rural strata
variable to account for survey design always improves predictive performance in terms of
WAIC, bias, MAE and RMSE. This result is consistent with the findings of Paige et al.| (2020)).
Table reports the posterior medians and 2.5% and 97.5% quantiles of the regression
coefficients for covariates. The results are fairly consistent across all models.

We now compare the Binomial NN models, which assume there is no cluster-level ex-
cess variation beyond the spatial field, to the other three classes of models, which explicitly
account for non-spatial excess variation under various assumptions. Figure [5.4] shows the
posterior medians of the spatial field in each model. The estimated spatial field from the
Binomial NN models has shorter range and smaller marginal spatial variance, which charac-
terize a “bumpy” surface with a lot of local residual spatial correlation (the spatial range ~ 78
km). In contrast, the estimated spatial fields from the other models tend to be “smoother”
with spatial correlation over longer distances (spatial range ~ 322 km). This contrast hints
at the presence of considerable small-scale variation that can be better captured by the
Beta-Binomial OD, Lono-Binomial OD and Binomial TS models. The estimates for the
overdispersion/true signal parameters in these models indicate significant cluster-level varia-
tion beyond the spatial field. In addition, their predictive performances measured by WAIC,
Bias, MAE and RMSE are noticeably better than that of the Binomial NN models (see
Table [5.1).

In summary, this analysis illustrates the advantages of accounting for the survey design,
especially the survey stratification and clustering, when fitting geostatistical models to esti-
mate vaccination coverage. Once a satisfactory model is selected, it is important to present

the model-based estimates with care. This will be the focus of the next section.
5.4 Presenting model-based estimates and their uncertainties

As mentioned in Section 5.1}, pixel-level vaccination coverage estimates are routinely produced
as output of geostatistical models, and they are often aggregated by population density to

form administrative-area-level coverage estimates. Figures [5.5] to [5.§ show the maps of the
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Model Class Strata Included? Strata Spatial Field Overdispersion True Signal Model Validation
Urban ~ Range p SE og d os o, WAIC Bias MAE RMSE
. 0.69 1.1
) ) No Strata 3618  -0.016 0.260  0.312
Binomial NN (0.47,1.0) (0.96, 1.3)
0.30 0.70 1.1
Strata 3615  -0.016 0.259  0.310
(0.10, 0.49) (0.47, 1.1) (0.97, 1.3)
) 29 1.6 2.9
) ) No Strata 3581  -0.007 0.254  0.307
Beta-Binomial OD (1.7,5.1)  (1.1,2.1) (2.6, 8.6)
0.31 3.0 1.6 2.9
Strata 3573 -0.006 0.253 0.305
(0.10,051) (1.8,53) (1.1,2.1) (2.6, 8.6)
B 2.7 1.4 0.73
No Strata 3456  -0.004 0.254  0.307
Lono-Binomial OD (1.6,4.8) (1.1,1.9) (0.63, 1.9)
0.35 2.8 1.4 0.73
Strata 3451 -0.005 0.253 0.306
(0.13,0.57) (1.7,5.0) (1.1, 1.9) (0.63, 1.9)
. 2.7 1.4 0.73
No Strata 3456 -0.006 0.254  0.307
Binomial TS (1.6,4.8) (1.1,1.9) (0.63, 1.9)
0.35 2.8 1.4 0.73
Strata 3451 -0.006 0.253 0.306
(0.13,0.57) (1.7,5.0) (1.1, 1.9) (0.63, 1.9)

Table 5.1: Estimates of parameters and model validation results. Reported are the posterior

medians and 2.5% and 97.5% quantiles of the regression coefficients and the parameters

of the spatial field and cluster-level excess variation. The spatial range parameter p is on

the longitude-latitude degree scale, which, given the geographical location of Nigeria, equals

an average of 111 km per degree. The widely applicable information criterion (WAIC) is

calculated based on all the data. The bias, mean absolute error (MAE) and root mean

squared error (RMSE) are calculated based on the cross-validation exercise described in the

supplementary materials. Bold figures represent the “best” models according to the relevant

criteria.
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Model Class Strata Included?  Intercept Aridity Poverty EVI Travel Time  Night Light
1.7 0.57 -2.2 -0.0085 -0.093 0.31
) ) No Strata
Binomial NN (0.21, 3.3) (0.13,1.0)  (-4.0,-0.39) (-0.13, 0.11) (-0.19, 0.0012) (0.14, 0.50)
1.5 0.53 -2.2 0.0048 -0.046 0.25
Strata
(-0.065, 3.0)  (0.08,0.97) (-4.1,-0.45) (-0.12,0.13)  (-0.15, 0.053) (0.071, 0.43)
2.1 0.26 -2.4 -0.044 -0.067 0.26
) ) No Strata
Beta-Binomial OD (0.6,3.7)  (-0.36, 0.83) (-4.2,-0.75) (-0.16, 0.074) (-0.15, 0.021)  (0.09, 0.44)
1.9 0.21 -2.5 -0.027 -0.023 0.21
Strata
(0.33,3.5) (-0.42,0.78) (-4.3,-0.8)  (-0.15,0.09)  (-0.12, 0.068) (0.029, 0.39)
2.1 0.29 -2.8 -0.046 -0.068 0.30
) ) No Strata
Lono-Binomial OD (0.50, 3.8)  (-0.40, 0.90) (-4.7,-1.0) (-0.17,0.081) (-0.16, 0.025)  (0.12, 0.49)
2.1 0.23 -2.9 -0.028 -0.018 0.23
Strata
(0.50, 3.8)  (-0.47,0.84) (-4.8,-1.1) (-0.16, 0.099)  (-0.12, 0.08)  (0.044, 0.42)
2.1 0.29 -2.8 -0.046 -0.068 0.30
) ) No Strata
Binomial TS (0.50, 3.8)  (-0.40, 0.90) (-4.7,-1.0) (-0.17,0.081) (-0.16, 0.025)  (0.12, 0.49)
2.1 0.23 -2.9 -0.028 -0.018 0.23
Strata
(0.50, 3.8)  (-0.47,0.84) (-4.8,-1.1) (-0.16, 0.099)  (-0.12, 0.08)  (0.044, 0.42)

Table 5.2: Estimates of parameters for each model. Reported are the posterior medians

and 2.5% and 97.5% quantiles of the regression coefficients for covariates. Note that the

estimates for the coefficients of covariates are not directly comparable because the covariates

are measured on different scales.
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Figure 5.4: Posterior medians of the spatial fields based on the Binomial NN (top left),
Beta-Binomial OD (top right), Lono-Binomial OD (bottom left) and Binomial TS (bottom

right) models that include the urban/rural strata variable.
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posterior medians and the widths of 90% credible intervals (CIs) for the estimated MCV1
coverage at the 1 x 1 km pixel, LGA and state levels based on the Binomial NN, Beta-
Binomial OD, Lono-Binomial OD and Binomial TS models that include the urban/rural
strata variable. These maps show a consistent trend: coverage estimates at a finer spa-
tial resolution tend to have larger associated uncertainty — and hence poorer precision. In
particular, the pixel maps are often associated with huge uncertainties — a consequence of
the sparsity of the survey data, since the 2018 NDHS was only powered to be representa-
tive at the state level (National Population Commission - NPC and ICF} 2019). Although
geostatistical models can usually produce smoothed estimates that are slightly biased but
more precise than the direct estimates, the 1 x 1 km pixel is too fine a spatial resolution
for reliable coverage estimation using the typical number of clusters in household surveys.
Therefore, when presenting vaccination coverage estimates on a map, one needs to carefully
consider the trade-off between the geographical scale and precision of estimates, and choose
an appropriate spatial resolution such that the resultant map have reasonably high precision
for the estimates to be statistically reliable. In addition, the uncertainty associated with the
point estimates should always be appropriately presented. Instead of labeling uncertainty
maps with ambiguous terms such as “low” and “high” (Utazi et al., 2018, 2019b, 2020),

quantitative scales should be used to clearly show how reliable the coverage estimates are.

5.4.1 Coefficient of variation (CV) as an uncertainty measure

Besides the commonly used posterior CI width and standard deviation as quantitative uncer-
tainty measures for vaccination coverage estimates, another sensible choice is the coefficient
of variation (CV) of the posterior distribution. Consider the vaccination coverage p for a
generic area. Let 6 = ;% be the odds, and ¢ = log(§) = logit(p) be the log odds. We assume
that the posterior for the log odds ¢ in a generic area approximately follows a Normal(é, 5?)
distribution, where gg and 62 are posterior estimates of E[¢|y] and var(¢|y). This is equiv-

alent to the posterior for the odds 6 following a LogNormal(qAS, 6?) distribution, with mean,
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variance and CV

E [bly] = exp (¢+ )
var (6]y) = E[8ly]? x (exp(6?) — 1)

V(lly) = Y—=——+ var (6ly) = /exp(6?) — 1~ V62 = 6,

E[fly]
i.e., the posterior standard deviation sd(¢|y).
Now we consider the 100(1 - )% posterior credible interval (CI) for 6. The ratio of the
higher bound to the lower bound of the CI is
Cly; (dly) P (gb + Za/26'>

- : = exp (224/20) = exp (2242CV (0ly)) ,
Cly, (0]y) exp (cﬁ—za/Q&) (220120) (22 )

where z,/9 is the /2 quantile of a standard normal random variable. Hence,

1 Clhi (0|y)
Vibly) ~ 5 Lo (0110 Oly))

so that there is a direct relationship between the posterior CV and the ratio of higher end
to lower end of the posterior credible interval.

This justifies using hatching based on the posterior CVs of area-level vaccination coverage
odds. For example, Figure shows a map of the posterior medians of the MCV1 coverage
estimates for Nigeria’s 37 states, with hatching density proportional to the posterior CV of
the vaccination odds. The results are based on 1000 posterior samples of the MCV1 coverage

estimates from the Lono-Binomial OD model that includes the urban/rural strata variable.

5.4.2  Visualizing point estimates and uncertainties on the same map

The map with hatching in Figure is an example of visualization tools that show point
estimates and their associated uncertainties on the same map. A major advantage of pre-
senting coverage estimates in this way is that users do not need to look at a separate map to

be informed of the uncertainties, and hence tend to be more aware of the map uncertainty
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Figure 5.9: Map of the posterior medians of the MCV1 coverage estimates for Nigeria’s 37

states, with hatching density proportional to the posterior coefficient of variation (CV) of

the vaccination odds. The results are based on 1000 posterior samples of the MCV'1 coverage

estimates from the Lono-Binomial OD model that includes the urban/rural strata variable.
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in general. In the example of the hatching map shown in Figure [5.9] the hatching density
increases with uncertainty level, resulting in areas with higher uncertainty to be covered
by more lines and hence reveal less color that indicates the estimated coverage level. This
mechanism of suppressing the color shown in an area based on the uncertainty is also the
main idea behind the value-suppressing uncertainty palettes (Correll et al., [2018) used in
health indicator mapping (Bhattacharjee et al., 2019). However, depending on specific color
choices and spatial scales, these methods can produce rather confusing maps described as
“visual puzzles”: very sophisticated but not very intuitive (Tufte, 2001). Hence, care must
be taken when using these methods for coverage estimates presentation.

When presenting coverage estimates for administrative areas, one can potentially show
the posterior distribution for each area while arranging the positions of the plots based on the
geographical location of the areas. For example, Figure|5.10|shows the posterior distributions
of the MCV1 coverage estimates for Nigeria’s 37 states, created using the geofacet package
(Hafen and Schloerke] 2020)) in R. The plots for different geographical entities are arranged
into a grid that preserves some of the geographical orientation. Although the resultant map
is not showing exact locations and sizes of the areas, it still reveals some important spatial

patterns in coverage estimates while visualizing their associated uncertainties.

5.4.8  Visualizing rankings with uncertainties

An important aim of vaccination coverage estimation is to rank a set of areas to identify
the places that need the most improvement. Often, a single summary statistic, such as the
posterior mean or median of the vaccination coverage, is used for ranking areas with little
consideration of the associated uncertainties. As Shen and Louis| (1998) pointed out, if the
ranks of the “unit-specific parameters”, in our case, the area-level vaccination coverage, are
the target feature, ranking posterior means can perform poorly, and the conditional expected
ranks (Laird and Louis, |1989) or a discretized version of them are optimal. To balance the
trade-off between optimizing rankings and two other inferential goals, namely good parameter

histogram and good unit-specific parameter estimates, Shen and Louis (1998) developed a
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Figure 5.10: The posterior distributions of the MCV1 coverage estimates for Nigeria’s 37
states, arranged into a grid that preserved some of the geographical orientation, based on
1000 posterior samples from the Lono-Binomial OD model that includes the urban/rural

strata variable.
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new class of “triple-goal estimates” that optimizes estimation of the histogram and the ranks.

In this section, we focus on visualization of the uncertainty associated with ranking
and recommend two presentation methods. The first is to use ridgeline plots to show the
posterior distribution of coverage estimate for each area. For example, Figure shows the
ridgeline plots of the posterior distributions of the MCV1 coverage estimates for Nigeria’s
37 states, ordered by posterior median, based on 1000 posterior samples from the Lono-
Binomial OD model that includes the urban/rural strata variable. When comparing MCV1
coverage estimates across different areas, one can clearly see how much the areas’ posterior
distributions overlap with each other on the ridgeline plots, and hence be informed of the
uncertainty associated with the relative ranking of the areas.

Alternatively, one can use histograms of the posterior ranking distributions to identify
areas with the highest or lowest vaccination coverage. For a given set of areas, each Monte
Carlo draw of posterior coverage estimates gives a ranking of the areas. One can therefore
obtain a posterior ranking distribution for each area by repeatedly drawing and ranking
posterior samples, and the expected rank (ER) for each area can be estimated by taking
the average of its ranking samples. For example, Figure [5.12] shows the histograms of the
posterior ranking distributions of the 5 states with the lowest and 5 with the highest ERs
based on 1000 posterior Monte Carlo samples of the state-level MCV1 coverage estimates.
Zamfara, Sokoto and Kebbi seem to have the highest posterior probabilities of being ranked
as the lowest three states. As for Gombe and Katsina, the similarity in their ranking dis-
tributions reveals high uncertainty in their relative rankings. On the other hand, the state
of Lagos is likely to have the highest MCV1 coverage, followed by the states of Anambra
and Ekiti. However, there is considerable uncertainty in the ranking of the next two states:
Rivers and Osun, as is evident in the wide spread of their ranking distributions.

The posterior ranking distributions as well as the complete range of the distributions for
all 37 states of Nigeria are shown in Figure and Figure[5.14] We see that the states with
the lowest and highest ERs tend to have narrower posterior ranking distributions, whereas

the states ranked in the middle tend to have higher uncertainties associated with their relative
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Figure 5.11: Ridgeline plots of the posterior distributions of the MCV1 coverage estimates
for Nigeria’s 37 states, ordered by posterior median, based on 1000 posterior samples from

the Lono-Binomial OD model that includes the urban/rural strata variable.
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rankings.

For the ranking of the LGAs, we show the posterior ranking distributions of the 5 LGAs
with the lowest and 5 with the highest ERs in Figure [5.15] and the posterior distribution
range for all 774 LGAs in Nigeria in Figure [5.16, based on 1000 posterior samples from the
Lono-Binomial OD model that includes the urban/rural strata variable. Since the LGA-level
coverage estimates generally have lower precision than the state-level estimates, the LGA
ranking distributions have much wider spread than those of the states.

In summary, both the ridgeline plots of posterior distributions and histograms of pos-
terior ranking distributions are useful tools for identifying areas with the highest or lowest
vaccination coverage. They are not only straightforward to calculate, but also effective in

visualising the uncertainty associated with the ranking of the areas.

5.4.4  Visualizing posterior exeedance probabilities

Another common objective of vaccination coverage estimation is to identify areas with vacci-
nation coverage higher or lower than a certain threshold. In this case, it is useful to examine
maps of posterior exceedance probabilities. For example, Figure [5.17] shows the maps of the
marginal posterior probabilities of LGA-level MCV1 coverage exceeding the 80%, 50% and
20% thresholds respectively. In particular, the exceedance probability map corresponding to
the 80% threshold is especially relevant in evaluating to what extent Nigeria has attained the
Global Vaccine Action Plan (GVAP) target of reaching 80% coverage with all vaccines in all
districts by 2020 (World Health Organization, 2012). The map highlights that substantial
efforts are needed in most places to meet the target. Fewer than 7 percent of the LGAs
(i.e., 53 out of 774 LGAs) have 50% or greater posterior probability of being at the target
of 80% MCV1 coverage. In addition, the exceedance probability map corresponding to the
20% threshold identifies 28 LGAs in northwest Nigeria that have 50% or lower posterior
probability of reaching an MCV1 coverage level of 20%. This demonstrates how exceedance
probability maps can be used to identify areas with low coverage estimates while keeping

users informed of the uncertainties associated with the results.
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Figure 5.12: Histograms of the posterior ranking distributions of the 5 states with the lowest

(left column) and 5 with the highest (right column) expected ranks (ERs), based on 1000

posterior samples of the MCV1 coverage estimates of Nigeria’s 37 states from the Lono-

Binomial OD model that includes the urban/rural strata variable.
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Figure 5.13: Posterior ranking distributions of all 37 states in Nigeria with their expected

ranks (ER) based on 1000 posterior samples of the MCV1 coverage estimates from the Lono-

Binomial OD model that includes the urban/rural strata variable.
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ERs of the states, and the vertical line segments mark the complete range of the posterior

rankings of the states.
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Figure 5.15: Posterior ranking distributions of the 5 LGAs with the lowest (left column) and

5 with the highest (right column) expected ranks (ERs) based on 1000 posterior samples

of the MCV1 coverage estimates of Nigeria’s 774 LGAs from the Lono-Binomial OD model

that includes the urban/rural strata variable.
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It should be noted that the examples shown in Figure are based on the marginal
posterior probabilities that an area/pixel having vaccination coverage higher or lower than
a certain threshold. The results should only be interpreted in a marginal sense, and they
do not provide inference for multiple areas’ joint exceedance of a certain level. When joint
probabilities are of interest, the estimation of regions so that the probability for exceeding
a certain level in the entire set is equal to some predefined value is a difficult task. Bolin
and Lindgren (2015)) provided a formulation of the excursion and contour uncertainty prob-
lems for random fields using a set theory framework. They developed methods for solving
these problems, as well as the related problem of finding credible regions for contour curves
for latent Gaussian models. Their method is based on using a parametric family for the
excursion sets in combination with a sequential importance sampling method for estimating
joint probabilities. In follow-up work (Bolin and Lindgren, [2017)), measures of the statistical
uncertainty of contour maps were proposed, and computational methods are constructed to
be used in combination with INLA for latent Gaussian models. In our context of vaccination
coverage for various spatial scales, their methods can be used to understand the pixel-level

coverage estimates and uncertainties, but have limited application for the area-level results.

5.4.5  Nowel discrete-color maps for precision control

In addition to visualizing the uncertainties associated with coverage estimates, one should
also avoid showing maps with low overall precision. We propose a novel approach to coverage
map presentation that allows comparison and control of the overall map uncertainty level.
Our method is inspired by Bayesian decision theory and is applicable to presenting coverage
estimates at any spatial scale.

The basic idea is that we move away from the usual continuous color scales; instead, we
use a discrete set of colors to represent a partition of [0%, 100%], the range of vaccination
coverage. The partition can be defined based on some pre-specified threshold(s) of inter-

est. For example, we can use the thresholds 20%, 50% and 80% to create four intervals:

0%, 20%), [20%, 50%), [50%, 80%) and [80%, 100%], that represent the extremely low, low,
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Figure 5.17: Maps of the posterior probabilities of LGA-level MCV1 coverage estimates
exceeding the 20%, 50% and 80% thresholds respectively, based on the Lono-Binomial OD

model that includes the urban/rural strata variable.

medium and high coverage intervals respectively. Next, we examine the posterior distribu-
tion of the coverage estimate for each area and assign each area to the interval that contains
the greatest posterior probability. We call this maximum the true classification probability
(TCP), so one minus the TCP is the probability of misclassification. The key idea here is
that, as clearly shown in the ridgeline plots, for each color assigned to a pixel there is a pos-
terior probability that this color is correctly classified but also a corresponding probability
of incorrect classification. This step is inspired by Bayesian decision theory for univariate
probabilities: the classification of each area follows a Bayes decision rule that minimizes a
0-1 loss. Finally, we calculate the average of the TCPs across all areas and call it the average
true classification probability (ATCP) of the map. The ATCP serves as a measure of the
overall precision of a vaccination coverage map. A higher ATCP indicates a higher overall
map precision, since on average we are more certain about the classification of the areas

under the assumed model.

Using this approach, we present the MCV 1 coverage estimates at the 1 x 1 km pixel, LGA

and state levels based on the Lono-Binomial OD model in Figure [5.18 The top row shows
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the maps with the pre-specified discrete color scale, and below each map is a histogram of
the TCPs with the ATCP highlighted by a blue vertical line. We see that the state map
has the highest ATCP (0.94), followed by the LGA map (ATCP = 0.87) and the pixel map
(ATCP = 0.83). This reflects the decreasing precision associated with the state-, LGA- and

pixel-level coverage estimates.

If one does not have any specific threshold in mind to form a discrete color scale, one can
consider using the quantiles of the posterior samples of the coverage estimates. We take the
pixel-level MCV1 coverage estimates as an illustrate example: for a fixed number of levels
K, one can form intervals [Lg, Ly),...,[Lk_1, Lk], where Ly = 0%, Lx = 100%, and Ly
equals the 100 x &£/ K quantile of the posterior samples pooled across all pixels. For example,
for K = 2, we have L; = 44%, the median of the pooled posterior samples, which forms
two intervals: [0%, 44%) and [44%, 100%)]. Figure shows three pixel maps with discrete
color scales formed by setting K = 2, 3 and 4 respectively. Below each map is a histogram of
the TCPs with the ATCP highlighted by a blue vertical line. We see that as the number of
intervals K increases, the ATCP becomes lower. This is expected: as we partition the range
into more quantile intervals, the width of each interval would generally become narrower,
and the TCPs would generally become smaller by definition. In fact, two extreme cases are
possible when presenting model-based vaccination coverage estimates using this approach.
At one extreme, a perfect ATCP can be achieved for showing a flat map where every pixel
is assigned to the interval [0%, 100%]. At the other extreme, we can assign each pixel to a
unique color using a finely partitioned, almost-continuous color scale, but the ATCP would

be essentially zero. The latter is the standard practice.

To achieve a balance between the precision of a map and the granularity of its color scale,
we can set a minimally acceptable level of ATCP and use the most granular color scale that
satisfies this requirement. For example, if we set the minimally acceptable ATCP to be 0.70,
then among the three pixel maps in Figure [5.19, the one corresponding to K = 3 would
be the “best” choice, since its ATCP (0.76) is above the 0.70 threshold and its color scale
has more quantile intervals than the other eligible pixel map (K = 2, ATCP = 0.87). The
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Figure 5.18: Top: Maps of MCV1 coverage estimates at the 1 x 1 km pixel, LGA and state

levels using the discrete color scale composed of the extremely low [0%, 20%), low [20%, 50%),

medium [50%,80%) and high [80%, 100%] coverage intervals. Bottom: The corresponding

histograms of the true classification probabilities (TCPs) with the average true classification

probability (ATCP) highlighted by the blue vertical line.
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Figure 5.19: Top: Maps of MCV1 coverage estimates at the 1 x 1 km pixel level using
discrete color scales with K = 2,3 and 4 quantile intervals. For each K, the color scale
is formed by creating the intervals [Lo, L1), ..., [Lk_1, Lk], where Ly = 0%, Lx = 100%,
and Lj equals the 100 x k/K quantile of the pooled posterior samples of the pixel-level
coverage estimates based on the Lono-Binomial OD model that includes the urban/rural
strata variable. Bottom: The corresponding histograms of the true classification probabilities
(TCPs) of the pixels with the average true classification probability (ATCP) highlighted by

the blue vertical line.
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map corresponding to K = 4 has an ATCP of 0.67, hence does not satisfy the minimally
acceptable ATCP level of 0.70.

The same procedure can be applied to produce LGA- and state-level MCV1 coverage
maps: if we set the same minimally acceptable ATCP at 0.70, we would have K = 4 and
5 for the “best” LGA and state maps respectively (Figure . In Figure , we show
the ATCP values corresponding to the state, LGA and 1 x 1 km pixel maps with discrete
color scales defined by various number of quantile intervals K. For a fixed K, the ATCP
is higher for maps with lower spatial resolution. For a fixed spatial resolution, the ATCP
decreases with increasing K. This further illustrates the trade-off between the geographical
scale and precision of estimates: given the same ATCP threshold, the state-level coverage
estimates can be presented using a more granular color scale than the LGA- and pixel-level
estimates, because the state-level estimates generally have higher precision. By setting a
minimum threshold for ATCP, we can control the overall uncertainty level of a map, and

hence avoid presenting maps with low overall precision.
5.5 Discussion

In this chapter, we have discussed a number of crucial choices with respect to the model-
ing and presentation of vaccination coverage estimates derived from household survey data.
Using the MCV1 coverage among children aged 12-23 months in Nigeria as a motivating
example, we fitted several Bayesian geostatistical models to the 2018 NDHS survey data and
illustrated the importance of properly accounting for survey stratification and cluster-level
non-spatial variation in survey outcome. In addition, we demonstrated the trade-off between
the geographical scale and precision of estimates by showing the higher uncertainties associ-
ated with estimates at finer spatial resolutions. We also demonstrated several visualization
methods for mapping and ranking that emphasize the probabilistic interpretation of results,
including maps of posterior medians with CI widths, ridgeline plots of posterior distributions,
histograms of posterior ranking distributions, and maps of posterior exceedance probabili-

ties, Finally, a novel approach inspired by Bayesian decision theory was introduced to present
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Figure 5.20: Maps of MCV1 coverage estimates at the LGA level (top row) and the state

level (bottom row) using a discrete color scale with K = 3,4 and 5 quantile intervals. The

color scales are formed by creating the intervals [Lg, L), ...,[Lx_1, Lk, where Ly = 0%,

Lx = 100%, and Lj equals the 100 x k/K quantile of the pooled posterior samples of the

coverage estimates at the LGA and state level respectively, based on the Lono-Binomial OD
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Figure 5.21: The average ture classification probabilities (ATCP) corresponding to the state,
LGA and 1 x 1 km pixel maps with discrete color scales defined by various number of
quantile intervals K. For each K within each spatial resolution (state, LGA or pixel),
the quantile intervals are formed by creating the intervals [Lo, L1),...,[Lk_1, Lx], where
Lo = 0%, Lx = 100%, and Ly, equals the 100 x k/K quantile of the pooled posterior samples
of the coverage estimates at that spatial scale based on the Lono-Binomial OD model that

includes the urban/rural strata variable.
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vaccination coverage estimates using discrete color scales, allowing comparison and control
of the overall map precision level.
Based on what we have discussed, we recommend the following guidelines for modeling

and presenting vaccination coverage estimates using data from household surveys:

e Survey stratification must be acknowledged in the model by including urbanicity as a

covariate to avoid bias and improve predictive power.

e Sources of cluster-level non-spatial variation in survey outcomes must be carefully con-
sidered, and appropriate model and prediction scheme must be used to properly account
for within-cluster variation that induces overdispersion or between-cluster variation

that represents true signal.

e With most household surveys being designed to provide statistically reliable estimates
at administrative-1 levels, it is critical to acknowledge the potentially high uncertainties
associated with coverage estimates at fine spatial resolutions. Quantitative measures
of uncertainty should always be properly labelled and presented along with point es-
timates for user discretion. Map producers should choose appropriate spatial scales
to present model results and refrain from showing high-resolution estimates with ex-

tremely low precision.

e It is beneficial to use visualization methods that emphasize the probabilistic interpre-

tation of results to identify areas with relatively low or high vaccination coverage.

e Instead of using continuous color scales to show exact point estimates of vaccination
coverage, map producers are advised to use our proposed approach to present maps
with discrete color scales, which allows comparison and control of the overall precision

level of the maps.

It should be noted that the quantile-based procedure we proposed for choosing coverage

thresholds is one of the many ways that map producers may use to determine the discrete
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color scale — other possible procedures include equal division of the 0% — 100% coverage
range given an integer K, or a mixture of posterior quantiles and pre-determined threshold(s)
of interest. For any given set of coverage estimates to be presented, the “best” choice for
discrete color scale would depend on the specific purpose of the map. The definition and
interpretation of ATCP, however, is not influenced by which discrete color scale is used.
Therefore, ATCP provides a consistent measure of map quality in terms of the overall map

uncertainty and can be used to compare and evaluate any discrete color maps.

An issue that we briefly mentioned in the introduction but did not discuss at length is the
challenge of accounting for the jittering of survey cluster locations in vaccination coverage
estimation. Most regression models rely heavily on using geospatial covariates to capture
outcome variability and make predictions at locations without survey samples. When survey
GPS coordinates are displaced to preserve respondents privacy, the traditional method of
overlaying covariate surfaces on point locations is going to match the survey clusters with
incorrect covariate values. Unfortunately, this issue has been routinely ignored (Takahashi
et al |2017; Mosser et all 2019) or countered with ad-hoc methods (Gething et al., 2015;
Utazi et al., 2018| 2019ajb)). Diligent investigation through simulation studies is needed to
understand how much an impact the location displacement could make on model prediction
accuracy, especially in the context of covariate modeling. The development of statistically
sound methods to overcome this challenge is still an active area of research (Wilson) 2019).
This issue again points to not displaying pixel-level maps, at least not with pixels that are
smaller than the level of jittering.

The accurate mapping of vaccination coverage is an important endeavor in the era of the
Sustainable Development Goals (SDGs) with the central focus of “leaving no one behind”
(United Nations, [2015). It paves the way towards achieving equity in vaccination by helping
us understand the current spatial disparities in attainment of coverage targets. Advances
in statistical modeling tools in combination with increased availability of high-resolution
geospatial data have enhanced our ability to utilize household surveys to produce vaccination

coverage estimates at fine spatial scales. However, it is crucial for us to acknowledge the
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limitations in the data and methods and use procedures that are appropriate and statistically
vetted. Paying attention to details such as survey design and map uncertainty takes care,
patience and diligence; but it is definitely worth the effort considering the ultimate goals it

helps achieve for our world.
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Chapter 6

DISCUSSION AND FUTURE WORK

Comprehensive evaluation of immunization program performance is essential for moni-
toring progress and planning future interventions for preventing life-threatening infectious
diseases. In resource-limited settings where high quality administrative data is rare, the
efficient use of data from disease surveillance systems and household surveys is crucial for
obtaining reliable estimates for policy guidance. In this dissertation, we developed several
statistical methods for analyzing infectious disease incidence and complex survey data to
facilitate assessing and planning immunization programs in LMICs. In particular, we con-
sidered estimation of vaccination coverage and immunization campaign effectiveness across

space and time.

In Chapter 3] we developed a space-time smoothing model for estimating sub-national
Rl-specific MCV1 coverage using complex survey data. The proposed method is able to
account for the impact of SIAs on the overall MCV1 coverage measured by cross-sectional
surveys by incorporating information from the WHO SIA calendar. It can also be used
to analyze data from multiple surveys with different data collection schemes and construct
coverage estimates with uncertainty that reflects the various sampling designs. We conducted
a simulation study that considered a number of scenarios with surveys of various sizes to
demonstrate how our method improves estimation through more efficient use of data. We
also used the method to analyze data from nine household surveys conducted in Nigeria and

constructed the Rl-specific MCV1 coverage in each of Nigeria’s 37 states from 2003 to 2018.

In Chapter [4] we developed a discrete-time hidden Markov model under the TSIR frame-
work for estimating STA efficacy with measles incidence data. We proposed a two-stage

estimation procedure that separately estimates reporting rate and the other model param-
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eters via an OLS regression model with robust standard errors and an MCMC algorithm
with uncertainty propagation. Our approach accounts for under-reporting and seasonality of
measles transmission, and accommodates monthly reported incidence data that are publicly
available from the WHO Measles and Rubella Surveillance Database for most member coun-
tries. The model can be used to estimate the underlying susceptible population dynamics,
assess how many susceptible people were immunized by past SIAs, and forecast incidence
trends in the future under various hypothetical SIA scenarios. Through a simulation study,
we investigated the effect of uncertainty propagation under a range of reporting rate scenar-
ios. The model was then used to analyze the monthly reported measles incidence in Benin

between 2012 and 2018 as an illustrative example.

In Chapter 5, we discussed a number of crucial choices with respect to the modeling
and presentation of vaccination coverage estimates derived from household survey data.
Specifically, we focused on the acknowledgement of the survey design in modeling, and the
appropriate presentation of estimates and their uncertainties. Using the MCV1 coverage
among children aged 12-23 months in Nigeria as a motivating example, we fitted several
Bayesian geostatistical models to the 2018 NDHS survey data and illustrated the importance
of properly accounting for survey stratification and cluster-level non-spatial variation in
the survey outcome. We also discussed the trade-off between the geographical scale and
precision of model-based estimates, and demonstrated visualization methods for mapping
and ranking that emphasize the probabilistic interpretation of results, including maps of
posterior medians with CI widths, ridgeline plots of posterior distributions, histograms of
posterior ranking distributions, and maps of posterior exceedance probabilities. Finally, a
novel approach inspired by Bayesian decision theory is introduced to present vaccination
coverage estimates using discrete color scales, allowing comparison and control of the overall
map precision level.

The methods described in this dissertation were developed to provide reliable and use-
ful information for guiding immunization program planning and resource allocation. Future

work in analysis of survey and incidence data in space and time includes understanding and
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addressing sources of bias in modeling, identifying and accounting for uncertainties associ-
ated with different data sources and model components, and developing model assessment
tools for validating spatial models fitted to data from surveys with stratified cluster designs.
Additionally, software that implements all visualization methods discussed in this disserta-
tion would be useful for quantitative researchers and program officers to analyze data and
judge the impact of interventions. An R package or an RShiny app would be a good starting

point to improve the accessibility and utility of these methods.
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Appendix A
APPENDIX FOR CHAPTER 3

A.1 Autoregressive model of order 1 (AR1) for Gaussian random vectors

The autoregressive model of order 1 (AR1) for the Gaussian vector @ = [xy,...,x,]T is

defined as

2 ~N (0, (r(1 = %))

Ti = pri_1 + €; eiNN(O,T’l) fori=2,...,n
where |p| < 1. The marginal precision & is equal to
k=T1(1-p")
Hence, the marginal standard deviation o is equal to

o=r1?= (r(1— p2))_1/2
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A.2 Additional results from the sensitivity analysis using 12-month birth co-

horts
ICAR Space IID RW2 Time IID SpacexTime Survey
Model
o2 o’ o3 o2 o} o2
[ID-11D 81.5 1.4 3.1 0.7 10.0 3.3
ICAR-IID 80.2 1.7 3.1 0.9 11.0 3.2
ITD-RW2 23.9 9.8 3.3 4.6 46.6 11.7
ICAR-RW2 17.0 4.0 1.6 0.6 75.1 1.8
IID-AR1 74.4 1.4 3.2 0.9 16.6 3.5
ICAR-AR1  43.0 1.9 3.8 1.1 45.8 4.4

Table A.1: Proportions of variance explained by each random effect component (percent) in

the sensitivity analysis with 12-month birth cohort data.
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Figure A.1: The posterior medians and 95% CIs of the independent survey-specific effects e

in the sensitivity analysis with 12-month birth cohort data..
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Figure A.2: The posterior medians of the ICAR spatial random effects «; (left) and the IID

random effects v; (right) from the fitted ICAR-AR1 Model in the sensitivity analysis with

12-month birth cohort data.
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Figure A.3: The posterior medians and 95% Cls of the RW2 temporal random effects ¢, (left)
and the IID random effects 7, (right) from the fitted ICAR-AR1 Model in the sensitivity

analysis with 12-month birth cohort data.
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Figure A.4: The posterior medians of the space-time interactions ¢;, across space over se-

lected 12-month birth cohorts from the fitted ICAR-AR1 Model in the sensitivity analysis.

Specifically, each map shows the estimated interaction for the cohorts born in the corre-

sponding year.
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Figure A.5: The posterior medians of the space-time interactions ¢;, over time in all states

from the fitted ICAR-AR1 Model in the sensitivity analysis with 12-month birth cohort data.
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Figure B.1: Traceplots of posterior samples of model parameters in the simulation study

computed with uncertainty propagation for when the reporting rate p = 0.01.
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Figure B.2: Traceplots of posterior samples of model parameters in the simulation study

computed with uncertainty propagation for when the reporting rate p = 0.1.
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Figure B.3: Traceplots of posterior samples of model parameters in the simulation study

computed with uncertainty propagation for when the reporting rate p = 0.3.
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Figure B.4: Traceplots of posterior samples of model parameters in the simulation study

computed with uncertainty propagation for when the reporting rate p = 0.5.
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Figure B.5: Traceplots of posterior samples of model parameters in the simulation study

computed with uncertainty propagation for when the reporting rate p = 0.7.
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Figure B.7: Traceplots of posterior samples of model parameters in the simulation study
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p=0.1.
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Appendix C
APPENDIX FOR CHAPTER 5

C.1 Covariate data sources

Five geospatial covariates have been used in our analyses: poverty, aridity, log-transformed
night-time lights, log-transformed travel time and enhanced vegetation index (EVI). Below

are the sources of the covariate data:

e Poverty: Worldpop 2010 estimates of proportion of people per grid square living
in poverty, as defined by $2 a day threshold. URL: https://www.worldpop.org/

geodata/summary?id=1267

e Aridity: Consortium for Spatial Information (CGIAR-CSI) 2018 Global Aridity Index
map. URL: http://www.cgiar-csi.org/data/global-aridity-and-pet-database)

e Nighttime lights: NOAA VIIRS Nighttime Lights 2018 October data. (https://www.

ngdc.noaa.gov/eog/viirs/download_dnb_composites.html).

e Travel time: Malaria Mapping Project 2015 Map of Travel Time to Cities. URL:

https://malariaatlas.org/explorer/

e EVI: MOD13A3 MODIS/Terra vegetation Indices Monthly L3 Global 1km SIN Grid
V006, 2018 October data. URL: https://doi.org/10.5067/MODIS/MOD13A3.006


https://www.worldpop.org/geodata/summary?id=1267
https://www.worldpop.org/geodata/summary?id=1267
http://www.cgiar-csi.org/data/global-aridity-and-pet-database
https://www.ngdc.noaa.gov/eog/viirs/download_dnb_composites.html
https://www.ngdc.noaa.gov/eog/viirs/download_dnb_composites.html
https://malariaatlas.org/explorer/
https://doi.org/10.5067/MODIS/MOD13A3.006
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C.2 The approximated enumeration area (EA) map

We standardize the Worldpop UN adjusted population layer for 2018 (WorldPop, 2019)) into
a gridded population surface at 1 x 1 km resolution. To classify each pixel into urban/rural,

we take the following steps:

1. Using Table A.1 in the 2018 DNHS report (National Population Commission - NPC
and ICF) 2019)), we obtain the urban population proportion within each state.

2. For a given state, we rank the pixels on the gridded population surface within the
state by descending population size. We start from the top of the ranked list and
classify each pixel as urban until the total urban population proportion reach the DHS
reported proportion for that state (from step 1). The rest of the pixels in the state will

be classified as rural.

3. We repeat step 2 for each state in Nigeria.

This procedure essentially classify the more densely populated pixels within each state to
be urban such that the urban population proportion within each state matches what was
stated in the DHS report. We emphasize that this is an approximate procedure, since the
result of our classification procedure will not match the urban/rural areas in Nigeria exactly
— our approach is carried out at the pixel level, whereas the urban/rural areas in Nigeria
have been classified at the census enumeration area (EA) level.

Next, we take the following steps to create an approximated EA map:

1. Using Table A.2 in the 2018 DNHS report (National Population Commission - NPC
and ICF| 2019)), we obtain the number of urban and rural EAs within each state.

2. We overlay the gridded urban/rural population surface with the state/LGA boundaries
and assign each pixel to a state/LGA based on its centroid location. We can then

calculate the total urban and rural population within each state and within each LGA.
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3. Within each state, we can calculate the state-level average urban/rural EA size by

dividing the urban/rural population by the number of urban/rural EAs in the state.

4. Assuming all the LGAs within a state have the same average urban/rural EA popula-
tion sizes as the state-level average urban/rural EA population sizes, we can calculate
the number of urban/rural EAs within each LGA, denoted C’j(u) and ij for LGA j,
by dividing the urban/rural population by the average urban/rural EA size.

5. Within the urban pixels in LGA j, we can create an approximated urban EA map by
sampling C’J(-“) pixels with probability proportional to population size with replacement.
Pixels with large population counts might be sampled multiple times, meaning that
there might be more than one EAs located in a pixel. We can do the same for the rural

pixels and create an approximate rural EA map.

6. We repeat steps 3-5 for each state and LGA in Nigeria.

This procedure creates an approximate EA map that matches the summary EA information

provided in the DHS report.
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