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Abstract

Hesitancy in vaccination programmes has increased over the past few decades
and has led to vaccination delays and refusals resulting in epidemic outbreaks
and curtailing progress towards disease elimination. Addressing vaccine hesi-
tancy is a public health priority. In this thesis we assess the global state of
vaccine coverage and vaccine hesitancy by performing a number of timely anal-
yses, providing key public health messages. These analyses can be used to
address vaccine coverage and inform effective immunisation programmes and
policies.

In Chapter 2, we assess national-level childhood immunisation programmes by
forecasting each nation’s vaccine coverage rates. By these means we are able
to provide estimates of likely future coverage levels and derive a quantitative
measure of the strength of a country’s immunisation programme – a measure
we term the vaccine performance index. In countries where vaccines are freely
available, our index captures losses to coverage based on hesitancy issues (non-
access barriers that centre on personal beliefs and attitudes such as confidence
in vaccines). We perform the first global-scale quantitative analysis of time-
varying socio-economic determinants of vaccine coverage.

In Chapter 3, we focus on direct measures of attitudes to vaccines. Using the
largest survey ever conducted on attitudes to vaccines (almost 70,000 individ-
uals across 67 countries), we examine global variation in (and socio-economic
determinants of) attitudes to vaccines. This is achieved through a four-question
survey on individuals’ perceptions of vaccine safety, importance, effectiveness,
and religious compatibility. In Chapter 4, we use a latent variable method
to project these four attitudinal dimensions onto a single dimension which we
claim to be the first quantitative measure of individual’s vaccine hesitancy. This
measure is termed the vaccine hesitancy index and we infer hesitancy for each
individual. Hesitancy is investigated globally and we perform a case study of
hesitancy in Nigeria, where there have been notable recent concerns with vac-
cinations.

Identifying countries with sub-optimal immunisation rates, vaccine-hesitant groups,
and understanding socio-economic correlates of coverage and hesitancy enables
us to understand the complex coverage-hesitancy interplay and address gaps in
coverage.
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1 | Introduction

PhD questions (3,5,6)

— Philistine, Guardian
crossword No. 26,310

1.1 A brief history of the development of childhood immunisations

Childhood immunisation programmes are one of the great public health success stories. From
the development of the smallpox vaccine in the late 18th century, vaccinations have prevented
death and serious illness for countless people. The World Health Organization (WHO) esti-
mates that 17.1 million lives have been saved by the measles vaccination alone since 2000 [1].
Although smallpox was declared eradicated in 1980 after an intense global effort from WHO
and national governments [2], it remains the only vaccine-preventable disease with eliminated
status [3]. To understand why other vaccine-preventable diseases have not been eliminated,
despite concerted public health efforts, it is instructive to consider the somewhat chequered
history of vaccinations.

The development of childhood vaccinations proceeded in two distinct stages owing to the
development of bacterial cell cultures followed by viral cultures [4]. The former of these stages
(1890-1950) began with the development of the bacillus Calmette-Guérin (BCG) vaccine
against tuberculosis (TB) [5]. Early clinical trials of the vaccination were successful [5].
However, in 1930, 72 children died and a further 173 contracted TB in Lübeck, Germany,
after the vaccination they received was contaminated with a more virulent strain of the
disease [4, 6]. Following this ‘Lübeck disaster’, public acceptance of the vaccination declined
until after the Second World War when campaigns by WHO and United Nations (UN) led
to a renewed acceptance [4, 7].

During the early 20th century, vaccinations against the bacterial diseases diphtheria,
tetanus, and pertussis followed [8]. The introduction of these vaccines greatly reduced the
number of cases and resultant deaths. In the USA in the 1920s, for example, there were
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approximately 140-150 cases per 100,000 [9], but only six reported cases since 2000 [10]. The
introduction of the pertussis vaccine (introduced in the 1940s) performed similarly well, with
a reduction in clinical cases of 99% in the USA [11], although many side effects were re-
ported [12]. The substantial gains made by the introduction of the pertussis vaccine (which,
since 1948, has been administered as a trivalent vaccine with diphtheria and tetanus) have
been eroded in the last few decades through a combination of factors. Partly motivated by
fears over side effects [11], many countries changed their pertussis vaccination in the 1990s
to an acellular pertussis (aP) vaccine [13, 14]. Initially perceived to be as protective as the
previous pertussis vaccine, it was later found that the old vaccine was more efficacious [11].
The aP vaccine is considered to have played a major role in the resurgence of pertussis
around the world today [11,13,15] (although evolutionary shifts, detection bias, and clusters
of non-vaccinated children have also been highlighted as contributing to this increase [11,15]).

The onset of viral tissue cultures in the late 1940s led to rapid progress in the development
of vaccinations against polio, measles, mumps, and rubella over the next few decades [4]. In
1955, after the success of the inactivated polio vaccine (IPV) during a mass clinical trial, the
IPV was licensed for use [16]. Despite the success of the IPV, many virologists questioned its
benefits relative to the orally-administered polio vaccine (OPV), arguing that only a live virus
could confer long-term protection and that passage of the attenuated virus through faecal
matter could offer protection to those unvaccinated [16,17]. Thus the oral polio vaccine (which
contains an attenuated live agent) was recommended in the USA and elsewhere [16–18].
Unlike IPV, however, OPV can cause vaccine-associated paralytic poliomyelitis (VAPP) in
a small number (1 in 2.7 million) of those who are vaccinated [18]. Although the associated
risk of VAPP in the OPV is low, there were an estimated eight cases per year in the USA [19]
and an order of magnitude more in India [20]. As of today, the risk of contracting polio
across the majority of the world is so low that the continued use of OPV has been hard to
justify. Many countries – particularly those where indigenous polio has been eliminated –
have included IPV into their immunisation programmes to reduce vaccine refusals on the
basis of contracting VAPP [17,21].

The vaccination against the measles virus was first licensed eight years after the polio
vaccine and led to an annual reduction in measles cases in the USA from about half a million to
a few thousand [22]. A similar debate about the efficacy of inactive versus attenuated measles
ensued, but was settled more convincingly. This was in part due to the lower mortality
associated with measles than polio, and so the attenuated vaccine, though associated with
a greater risk of minor side effects, required fewer doses and offered greater protection over
a sustained period [23]. Introduced in 1971, a combined vaccine for measles, mumps, and
rubella (MMR) was introduced that contained the attenuated measles virus [4]. Despite the

14



safety and efficacy of the MMR vaccine [24], it has arguably been the most controversial of
modern vaccinations. In 1998, a link between the MMR vaccine and child autism disorders
and colitis was claimed by Andrew Wakefield [25]. A media frenzy followed, which was often
misleading [26] and resulted in the UK’s MMR coverage rates declining from 91% in 1997
to 80% in 2003 [27]. Subsequent measles outbreaks followed and reached their highest levels
since 1997 in 2012 [28]. Although Wakefield’s claim proved to be fraudulent (and Wakefield’s
article and medical registration have since been retracted [25, 29]) it precipitated large-scale
mistrust in immunisations which were often worsened by media reporting [30]. In 2008, the
UK was declared measles endemic [30]. Vaccination rates eventually recovered to pre-1998
levels in 2012 [27] although hesitancy towards MMR continues, despite numerous studies
finding no link between MMR and autism since Wakefield [24,31–33].

1.2 Causes of incomplete vaccine coverage

1.2.1 Vaccine hesitancy

Vaccine refusal is not a modern phenomenon. As far back as the 19th century, concerns have
been expressed over vaccinations. In Victorian England, for example, there was disquiet
amongst the working classes over the power of the state to impose compulsory healthcare,
viewing the resulting fines for disobedience as a tax on the lower classes [34]. Objections on
religious grounds (as the vaccine contained animal virus) and safety fears were also expressed
[34,35]; fears which are still prevalent today [36]. Anti-vaccination movements formed shortly
after the introduction of vaccines. The Anti-Vaccination League (later, the London Society for
the Abolition of Compulsory Vaccination), for example, opposed the Compulsory Vaccination
Act of 1853 and disseminated anti-vaccination books and journals [37, 38]. Similar anti-
vaccination groups and opposition towards vaccination grew across Europe [38, 39] and the
USA [38] and – combined with government policy – held back progress against smallpox.
Germany found more success than the UK by introducing vaccines into law more slowly
(initially only requiring compulsory vaccinations during epidemics) and was quicker than
England to recognise the importance of re-vaccination (subsequent vaccinations to extend
immunity) [40,41]. Incidence and mortality rates declined in both countries towards the end
of the 19th century; however, in part due to mass anti-vaccination demonstrations, England
allowed conscientious objectors to be excused from vaccinations, whereas Germany did not
[40]. These policy differences led to a divergence in the number of successful vaccinations
between the two countries [38,39]. Although the methods for spreading misinformation have
changed over the past century, the underlying objections have largely stayed largely the same.
Fears over safety, philosophical or personal objections, and religious compatibility issues have
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Figure 1.1: Anti-vaccination illustration published by the London Society for the
Abolition of Compulsory Vaccination The illustration depicts the vaccinator as death
(supported by the police), and questions the safety of vaccines, “Every mother knows of
infants, who were well and hearty up to the time of their vaccination and were never the
same afterwards ... [vaccination] does not keep off smallpox.” Image from the Historical
Medical Library of the College of Physicians of Philadelphia [42].

all featured prominently in vaccine refusal over the last two centuries [38]. As is the case with
VAPP, there are a number of real safety concerns with childhood vaccinations (see Table 1
in [43] for a more extensive overview), but vaccine objection citing safety concerns has often
been based on unsubstantiated claims.

In 1996, a loss of trust in the polio vaccine in Nigeria can be attributed to a combination
of pre-existing safety concerns and the spread of false information. In 1996, the pharmaceu-
tical company Pfizer carried out drug trials during a meningitis epidemic which resulted in
the deaths of 11 children in the state of Kano in northern Nigeria [44]. Seven years later,
in 2003, religious leaders in three northern Nigerian states built on these pre-existing fears
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by claiming the polio vaccine was a Western ploy to sterilise Muslim women [45]. Although
progress has been made towards polio eradication in Nigeria, high levels of vaccine hesitancy
in Northern Nigeria threatens eradication. Although Nigeria was removed from the list of
polio-endemic countries in 2015 [46] (and after a sustained period without a recorded polio
case) polio has since returned to Northern Nigeria as a result of sub-standard vaccination
uptake [47]. Misinformation from religious leaders is not limited to Nigeria; false informa-
tion was disseminated by the Taliban in Pakistan, who issued fatwas discrediting the polio
vaccination [48].

Other vaccine scares have occurred across the world which have linked the pertussis
vaccine [49] to encephalopathy, the DTP vaccine to sudden infant death [50], and which
relate the number of immunisations a child has to diseases including autism [51, 52]. In the
past few decades, health professionals – often an individual’s most trusted source for health
information [53] – have lent credence to pre-existing fears. Approximately 30% of GPs in
the UK advised against pertussis vaccination in the 1970s [4] and, in 2004, only 57% of
Scottish GPs describing themselves as ‘very confident’ in discussing the MMR vaccine with
patients [54].

Although coverage rates remain high across the world [27], vaccine scares have caused
lasting damage. This is made apparent through static or declining immunisation rates in
many countries [27], the persistence of pockets of non-vaccinators [55–57], and disease re-
emergence.

It is instructive to have a universal definition of the factors associated with vaccine delay
and rejection that are not associated with access barriers. These delays and refusals have
been termed vaccine hesitancy and, in 2014, WHO’s Strategic Advisory Group of Experts
on Immunization (SAGE) met to formally define vaccine hesitancy:

“[Vaccine hesitancy is a] delay in acceptance or refusal of vaccines despite avail-
ability of vaccine services. Vaccine hesitancy is complex and context specific,
varying across time, place and vaccines. It is influenced by factors such as com-
placency, convenience and confidence.” [58]

This definition is sometimes referred to as the ‘3Cs’ model of vaccine hesitancy: confidence

is defined as trust in the effectiveness and safety of vaccines and trust in the healthcare
system that delivers them; individual complacency refers to vaccine rejection due to a low
perceived risk of disease; and convenience is the extent to which vaccine uptake is hindered
by other barriers such as the time and location of vaccinations, perceived quality of service,
and language barriers (for the full definitions, see [58]). (Throughout this thesis we will refer
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back to this definition.)
As discussed above, vaccine hesitancy in many parts of the world provides a material

threat to the success of immunisation programmes. Non-hesitancy barriers – that is, access
to vaccinations – also play a key role in driving sub-optimal vaccination rates.

1.2.2 Access barriers

There are stark differences in access to basic healthcare services around the world. Much of
the Western world has universal access to healthcare facilities (and corresponding healthcare
infrastructure and delivery systems), yet in many low and middle-income countries (LMICs),
basic facilities are lacking or are only available to the wealthiest in society [59–61]. In India,
for example, out-of-pocket health expenditures have been suggested for moving millions of
people into poverty [62].

Distance to healthcare facilities plays a major role in whether healthcare (including vac-
cinations) is sought [36, 61, 62]. When distance and poverty combine, education and access
to relevant healthcare information can become further barriers [63–65]. Access to healthcare
information also plays a vital role for immigrant communities in areas where vaccinations
are free and easy to access [66]. These access barriers can often place further strain on the
poorest in society, making them susceptible to disease and can contribute towards a ‘poverty-
disease’ cycle. This poverty-disease cycle has been cited multiple times for trapping people
in poverty and reducing life chances [67–69].

Ethnicity, wealth, and economic opportunity are often closely related. For many years
access to healthcare (and vaccinations) has been lower for minority ethnicities [70,71] and this
is not limited to LMICs. Until 2005, there was disparity in access to routine MMR and polio
vaccines in the USA between white and Hispanic ethnicities [72]. Wealth, ethnicity, and other
socio-economic statuses are so closely intertwined that it can obscure a full understanding of
the factors at play in access to vaccinations [73].

A coordinated global effort between multilateral organisations, governments, immunisa-
tion experts, and stakeholders is required to make vaccines available for every child. In 2012,
a framework for improving worldwide vaccination access and uptake received endorsement
from 194 member states of the World Health Assembly: this framework is called the Global
Vaccine Action Plan (GVAP) [74]. Achieving the goals laid out by GVAP (and the United
Nation’s sustainable development goals [75]) has proved challenging for the reasons outlined,
but there have also been sizeable gains made to global vaccination rates over the past few
decades (and decreases in the recorded cases of associated diseases [27]). This has been due
to successful coordination between multilateral organisations such as the Global Alliance for
Vaccines and Immunization (GAVI), United Nations Childrens’ Fund (UNICEF), the Pan
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American Health Organization, national governments, vaccine producers, and – for LMICs –
procurement teams who aim to lower the cost of vaccinations [76,77].

1.2.3 Quantitative analyses of determinants of incomplete coverage

Quantitative connections between socio-economic factors, attitudes, and vaccine uptake have
been studied in a range of settings. In studies that use only socio-economic data to assess
vaccine uptake, the relative contributions of access to vaccinations versus attitudinal barriers
can be hard to disambiguate. Research has therefore tended to follow two reasonably distinct
analysis strands: quantifying the strength of socio-economic correlates of vaccine uptake and
assessing vaccine perceptions through survey or interview data.

Links between socio-economic data and vaccine uptake have been extensively studied
and repeated trends have been found. Maternal education level [78–87], household wealth
[85, 86, 88–91], birth place of child and distance to healthcare facilities [78, 80, 89, 90, 92, 93],
and the administration of pre- or post-natal care [83,87,92] appear to be the most consistently
(and strongly) informative correlates of complete immunisation status1. Paternal education
has been shown to be informative of complete vaccination status independently of maternal
education in a number of countries [94, 95]. Religion, ethnicity, and nationality have also
been found to play a strong role in uptake [92,96,97].

Strong country-specific trends in determinants have also been established. Gender plays
a strong role in India and Pakistan, with males more likely to be immunised reflecting so-
cietal and cultural norms [98–100]. Ethnicity and religion play major roles in East African
countries [101] and in the UK [97], where MMR uptake during the Wakefield-era scare dis-
proportionately impacted certain ethnicities [102, 103]. Distance to healthcare facilities is a
strong correlate in LMIC countries, in particular those with a large relative population living
rurally (such as India and many African countries) [101,104,105].

When personal beliefs are explicitly studied through survey data, it is repeatedly found
that individuals place a high degree of trust in healthcare professionals [106–109]. Trust in
the government is mixed, however, as many individuals are sceptical of government intentions
[110,111]. Parental hesitancy towards childhood vaccinations is also strongly associated with
the perceived risks and benefits [106,112–115], which often results in parents rejecting a single
vaccination, often on the advice of doctors [4, 106,116].

Parents’ hesitancy towards vaccines is therefore a complex mix of socio-economics, sources
of trust, perceived benefits and side-effects, and weighs decisions from a number of sources
including health professionals and the government.

1Complete immunisation status is defined as whether a child has received all recommended immunisations.
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1.3 Why should we care?

It is estimated that routine childhood immunisation prevents between two and three million
deaths every year from diphtheria, tetanus, pertussis, and measles alone [117]. Global vacci-
nation rates have made substantial gains over the past few decades, yet, since 2012, global
coverage2 has decreased for many vaccination programmes (Figure 1.2). Although global
vaccine coverage is high, WHO estimates that further gains to vaccination rates could save
1.5 million deaths annually as 19.5 million children remain unvaccinated [117].
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Figure 1.2: Global gains in vaccination coverage levels are threatened by increasing
vaccine hesitancy Global vaccination rates have increased markedly since 1980. However,
since 2012, global vaccination rates are declining for vaccinations against tuberculosis (BCG),
diphtheria, tetanus and pertussis (DTP) [coverage of three completed doses is shown], measles
(MCV), and polio (POL) [coverage for three completed doses is again shown]. Data is from
the WHO-UNICEF estimates of vaccination coverage [27].

1.3.1 Disease resurgence

Resurgence of disease consistently follows periods of vaccine refusal, typically occuring in
regions with low local coverage rates. Until 2005, for example, measles remained eradicated
in the UK, but – following the loss of confidence in vaccines resulting from the Wakefield
scandal – large outbreaks followed. The first, between 2006 and 2007, caused large outbreaks
amongst the general population but also within communities with low vaccination coverage
(notably the Jewish Orthodox and Irish traveller communities [118]). Although reported

2A crude estimate which simply averages over each country’s national immunisation rate.
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confidence in the MMR vaccine showed signs of increasing [119], in 2013 another large measles
outbreak hit Swansea, Wales [55], which mostly affected 10-14 year olds [118] – adolescents
who were born between 1998 and 2003 when parental hesitancy towards the MMR vaccine
was at its peak. In addition to the national newspaper coverage of the MMR-autism link [26],
the South Wales Evening Post ran anti-MMR vaccination campaigns, which likely worsened
parents’ fears and resulted in relatively low MMR coverage rates in Swansea [120]. Measles
cases have followed vaccine refusal or hesitancy in a number of other settings, most notably
the USA [72,121], France [122], the Netherlands [123], and elsewhere in Europe [124]: these
outbreaks resulted in thousands of reported cases and dozens of deaths [72,124–126].

Increases in reported cases and deaths have also followed hesitancy in other vaccines in a
number of high-profile cases: for example, rejection of the polio vaccine in Pakistan, Nigeria,
and Afghanistan [57, 127, 128] and refusal of the diphtheria-tetanus-pertussis vaccine in the
UK (pertussis controversy [129]) and in Russia (diphtheria rejection [130]).

The link between high coverage rates and protection from disease outbreak is highlighted
in Figure 1.3. Annual vaccine coverage rates and reported disease cases are compared between
countries with high and low coverage rates for the MMR and polio vaccines. In Figure 1.3
A, MMR vaccination coverage is shown for Sweden (red), the UK (green), and the USA
(blue). Reported measles cases for these countries are shown in Figure 1.3 B. In Figure
1.3 C, polio coverage for Botswana (red), Nigeria (green), and Pakistan (blue) is displayed,
with respective cases shown in Figure 1.3 D. The importance of maintaining (and sustaining)
coverage rates in excess of 95%3 is clear: reported cases of measles in Sweden and polio in
Botswana – countries with high coverage for MMR and polio (respectively) – are consistently
an order of magnitude less than countries with lower vaccination rates.

When the Wakefield scare originated in the UK in 1998, Sweden was not resistant to the
news. The Wakefield article has been suggested to have contributed to Sweden’s decline in
MMR rates in the late 1990s [131]. Despite this reduction, Sweden’s high MMR coverage rate
likely greatly contributed to limited outbreaks. The UK’s dramatic fall in MMR coverage,
however, resulted in thousands of reported cases over the following years (Figure 1.3).

In Africa, Botswana’s polio strategy contrasts markedly with that of Nigeria. As out-
lined previously, a particularly complex history of vaccine refusal exists in Nigeria (which
included a ban on the polio campaign in some northern states in 2003 [57]). In 2004, a polio
case was reported in Botswana which was found to have been imported from Nigeria [132].
The response from the government of Botswana was immediate. An emergency vaccination
campaign – supported by WHO and UNICEF – was launched to immunise almost 200,000
children against polio [132]. However, despite the resumption of the polio campaign across

395% is often used by policy-makers as the threshold for herd immunity – see Section 1.3.2.
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Figure 1.3: Decreases in coverage rates are associated with increases in disease
incidence The link between low (or declining) coverage rates is made clear with examples
from the MMR and polio vaccinations. MMR coverage rates for Sweden, UK, and USA are
shown (A) with associated reported cases (B). Measles cases are highest in the UK which
has had consistently lower coverage rates than the USA or Sweden. Coverage rates for
the completed polio series are shown (C) with corresponding outbreaks (D) for Botswana,
Nigeria, and Pakistan. Botswana. Botswana has maintained coverage in excess of 95% for the
past decade and has had only had one reported case since 2000. Polio issues in Nigeria and
Pakistan are discussed in Section 1.2.1. The black horizontal line represents 95% coverage.
(Data from [27].)

Nigeria, vaccination levels remain low today (Figure 1.3).
Pakistan – which remains polio endemic – has similar polio concerns to Nigeria. It

has been estimated that whilst only 1% of children were missed through parental refusal
over vaccine safety in 2015, a further 20% of children were missed due to parental concerns
over security [127]. These security concerns include death threats from militant groups (the
Taliban in Pakistan and Boko Haram in Nigeria [128]) who have killed a number of vaccine
campaign workers [128, 133]. Taliban opposition to the polio vaccination in Pakistan stems
from the USA’s Central Intelligence Agency’s plot to gather information on the whereabouts
of Osama bin Laden under the guise of a hepatitis vaccination drive [134].
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1.3.2 Herd immunity

High vaccination rates stifle the propagation of a disease. The vaccination coverage level at
which a disease outbreak can no longer cause an epidemic is called the epidemic threshold
[135]. Once vaccination levels are above this threshold, protection against an epidemic is
conferred by vaccinated to unvaccinated individuals: this is known as herd immunity [136].
The amount required for herd immunity varies by disease, though 95% is often taken as the
value of coverage required to confer protection via herd immunity [136].

Despite many countries around the world holding non-endemic status for diseases [28],
high immunisation rates are still required to prevent outbreaks from imported cases. Recent
measles outbreaks from imported diseases in Swansea and California (and the lack of outbreak
of imported polio in Botswana) highlight emphasise this fact [119,121]. It is therefore crucial,
while diseases are not globally eliminated, that vaccine coverage rates remain above the levels
required for herd immunity. This will require systems to identify early signals of increasing
hesitancy and mechanisms to address it. As of late, many countries have addressed this
issue by demanding that parents’ refusal of vaccines is noted by the school (so that public
health agencies are aware of non-vaccinated children) or by withholding public resources from
parents [137,138].

1.4 Addressing coverage gaps

Transnational public health bodies such as WHO and UNICEF assist governments, stakehold-
ers, and public health teams to increase access to vaccinations and to coordinate responses
to vaccine-related issues [76]. In December 2017 (at the time of writing), WHO is coordi-
nating an emergency response to an outbreak of diphtheria at a Rohingya refugee camp in
Bangladesh [139,140]. The Myanmar state of Rakhine – in which the majority of Myanmar’s
Rohingya reside – has amongst the lowest DTP coverage in the country, and rates have been
declining over the past decade [141].

A number of guidelines, targets, and recommendations to improve national resilience to
diseases have been laid out and include specific immunisation rate or disease reduction tar-
gets [142, 143] and other frameworks such as the Tailored Immunisation Programme (TIP)
which aims to reach under-vaccinated groups in Europe [144]. TIP – a series of guidelines to
bolster immunisation rates – has been used by numerous countries, including the UK [145]
and Sweden [131] to establish and address sub-optimal coverage within specific communi-
ties. These public health interventions have evolved in light of scientific research into vac-
cine acceptance and intervention strategies now include specific targetting of socio-economic
groups [144], improving education levels amongst mothers with low health literacy [146,147],
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and disseminating more information to communicate vaccine benefits and risks more trans-
parently [148].

Complicating these intervention strategies is, however, individual reluctance to change
opinion. In many cases, individuals outright refuse to engage with immunisation programmes
[149,150] and intervention strategies that provide individuals with pro-vaccine sentiment has
even been found to further entrench anti-vaccination sentiment [151]. These results suggest
that some individuals may not be shifted into pro-vaccination behaviour, emphasising the
need to understand the location and dynamics of hesitancy, so that appropriate intervention
strategies can be designed.

Understanding the relationship between hesitancy and coverage uptake is key to develop-
ing novel methods to address the issues caused by pockets of non-vaccinators. Efficient identi-
fication of these clusters through monitoring of local immunisation rates has been identified as
a key public health challenge [152]. Monitoring of trust in immunisation programmes at finer
spatial scales has been proposed to better understand how vaccine hesitancy arises [153,154].
Coupling this information with coverage rates, socio-economic data, and network structure
can – through applied epidemiological models in real-world settings (for example) – enable
us to develop a more proactive approach to tackling diseases spread through confidence and
coverage forecasting.

Despite concentrated efforts to address coverage gaps, global targets for vaccination rates
and eradication of diseases have consistently been missed. Examples include the failure to
meet WHO’s regional target of European measles elimination by 2015 [155], the failure to
end neonatal tetanus and wiping out measles from three world regions by 2015 (set out by
GVAP [142]), and the failure to meet specific immunisation rate goals [142]. In this thesis
we identify a number of mathematical challenges in the topic area of vaccine coverage and
vaccine hesitancy: answering these challenges can provide timely public health messages to
inform interventions to address gaps in vaccine coverage.

1.4.1 Mathematical challenges

The following key challenges in assessing gaps in vaccine coverage have been identified:

Challenge 1: Forecasting national vaccine coverage rates and developing a quantitative
marker of the performance of immunisation programmes;
Challenge 2: Providing a quantitative assessment of historic and current trends in factors
modulating coverage;
Challenge 3: Assessing the state of worldwide attitudes to vaccines;
Challenge 4: Developing an individual index of vaccine hesitancy to identify hesitant clus-

24



ters and to re-assess herd immunity levels;
Challenge 5: Predicting future levels of vaccine hesitancy and modelling the interaction
between hesitancy and coverage.

Despite the GVAP’s immunisation goal of 90% national vaccination coverage (and at least
80% in every sub-national district) [142], there do not exist national- (or sub-national) level
forecasts of vaccine coverage data: Challenge 1 address this shortfall. Coverage forecasts
can enable an early assessment of immunisation goals (such as those laid out by GVAP [142])
and the reallocation of resources to countries falling behind in these goals. Forecasting
coverage rates in countries with universal access to immunisations can also establish future
levels based on the level of vaccine hesitancy as changes in coverage will not be related to
access barriers. To meet this challenge, a flexible time-series forecasting tool – capable of
modelling the wide range of dynamics in national level immunisation coverage (see Figure
2.1 C) – is required.

Challenge 2 concerns establishing global historical patterns in the socio-economic corre-
lates of immunisation. Challenge 2 has been identified as no such global-scale, time-varying
analysis of national-level determinants of coverage has been performed (although we note
that numerous studies probe an individual’s determinants at isolated time points – see Sec-
tion 1.2.3). In performing such an analysis, there are notable statistical hurdles, such as data
gathering (to obtain a large set of variables putatively linked to coverage) and data cleaning
(involving the careful handling of any missing data). In seeking time-varying correlates of
vaccine coverage, an appropriate correlation metric will be required. Challenges 1 and 2 are

met in Chapter 2.
As outlined in Section 1.2.3, many studies also probe attitudes to vaccinations in specific

contexts. However (as with challenge 2), a global-scale study on attitudes to vaccines has not
been undertaken. This is an ambitious goal and constitutes challenge 3. Probing attitudes
on this grand scale will naturally require a large dataset and appropriate mathematical
modelling tools. Challenge 3 is the focus of Chapter 3.

Challenge 4 is based on calls by SAGE [58] and by national policy makers [156] to
understand vaccine hesitancy. Vaccine hesitancy is defined through a complex mix of factors
( [58] and 1.2.1) and so quantifying it in this way requires a mathematical approach that can
appropriately summarise individuals’ vaccine attitudes. Obtaining a quantitative measure
of hesitancy unlocks many other analyses: we can assess spatial trends in hesitancy; we can
link hesitancy to socio-economic factors; and – if attitude data becomes routinely-collected
– then hesitancy dynamics can be modelled (and incorporated into epidemiological models).
These analyses have obvious advantages for identifying and predicting hesitant groups (these

25



analyses constitute Challenge 5). The goal of deriving a quantitative measure of hesitancy

and understanding its determinants is the goal of Chapter 4. Although not analysed further
in this thesis, the re-assessment of herd-immunity levels and the analyses methods outlined
proposed above for Challenge 5 are discussed throughout this thesis (in particular, in Chapter
5).

An outline of this thesis is now provided.

1.5 Outline

This thesis is arranged into four further chapters:

• In Chapter 2, Challenge 1 and 2 above are considered. Forecasts of national vac-
cine coverage rates are obtained via Gaussian process regression. These forecasts are
used to derive a summary measure of the strength of a country’s immunisation pro-
gramme. This summary measure is termed the vaccine performance index. This
index quantifies variability in national coverage rates induced by hesitancy and access
issues. Index values are compared between countries and interpreted in view of GVAP’s
target of attaining 90% vaccination coverage in all countries by 2015. To find tempo-
ral associations between socio-economic factors and coverage, we perform a large-scale
correlative study with publicly-available socio-economic data. Comparisons are drawn
between world regions to reveal spatio-temporal trends.

The results presented in this chapter were published in August 2016 as Forecasted
trends in vaccination coverage and correlations with socioeconomic factors:
a global time-series analysis over 30 years in The Lancet Global Health [157] with
commentary by Dr. Michiel van Boven and Dr. Alies van Lier [158].

• In Chapter 3 worldwide variation in attitudes to vaccinations are explored using the
largest dataset ever collected on attitudes to vaccines (Challenge 3). This survey
was conducted in 2015 by WIN/Gallup International Association (WINGIA) in col-
laboration with the London School of Hygiene and Tropical Medicine (LSHTM) with
whom we collaborate. This survey examines individuals’ views across 67 countries on
four dimensions of vaccine attitude: the importance, safety, effectiveness, and religious
compatibility of vaccines. Hierarchical linear models are employed to investigate rela-
tionships between socio-economic factors and these four dimensions of vaccine attitudes.

The results presented in this chapter were published in August 2016 as The state
of vaccine confidence 2016: global insights through a 67-country survey in
EBioMedicine [159] with commentary by Dr. Steven Black [160].
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• In Chapter 4, we attempt to quantify SAGE’s definition of vaccine hesitancy by defining
a vaccine hesitancy index (Challenge 4). Survey data from the previous challenge
is used and augmented with an additional survey conducted in the Sahel region by
WINGIA a year later in 2016. Individual-level hesitancy is obtained a via latent variable
model which projects the the four dimensions of attitude obtained in the two surveys
onto a latent dimension which we propose to be a measure of vaccine hesitancy. This
inference analysis – still to be placed in final form for journal submission – therefore
explores the treatment of vaccine hesitancy as a single quantitative latent summary
and establishes its determinants. Country-level trends – in particular, those countries
in the Sahel region – are explored in depth. Sub-national hesitancy and its drivers are
assessed in Nigeria – a country with standout vaccine hesitancy concerns. The results
presented in this chapter are currently in preparation for publication.

• In Chapter 5, we discuss the relevance of our findings for addressing coverage gaps and
outline future mathematical and statistical methods which could be deployed to further
progress in closing coverage gaps. We discuss how the latent variable models used in
Chapter 4 may be used to infer vaccine hesitancy in the absence of vaccine hesitancy

surveys. This could have profound significance for using publicly-available public health
datasets to infer and forecast vaccine hesitancy in a number of LMICs. Moreover, such
historic trends in hesitancy can be linked to vaccine coverage to understand the interplay
between these two important factors.
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2.1 Introduction

Monitoring attitudes towards immunisation programmes and progress towards immunisation
goals has been cited as a public health priority [58,142,153,154]. Indices that record trust in
immunisation programmes and assess progress towards immunisation goals have been urged
to aid policy makers evaluate immunisation goals [153,154].

In this chapter we determine the strength of national childhood immunisation programmes
by developing a measure of the relative ability of national immunisation programmes to
successfully vaccinate their populations. This index is derived from forecasts to national-
level vaccine coverage data and rewards countries that are able to obtain and maintain high
vaccination coverage. Conversely, our index penalises countries for either not being able
to obtain high coverage, or not being able to sustain it. We term this index the vaccine
performance index. Although forecasts of national-level coverage are useful in their own
right, our vaccine performance index summarises recent trends and ranks countries by the
strength of their immunisation programmes.
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We investigate our index in light of the Global Vaccine Action Plan’s target of 90% cov-
erage of the third dose in the diphtheria-tetanus-pertussis immunisation programme [142].
This indirect approach of assessing a country’s immunisation strength also allows vaccine
hesitancy to be captured: when a country’s health system provides universal access to vac-
cines, then the primary cause of depleted coverage rates is vaccine hesitancy. However, in
countries with non-universal access to vaccinations, our index measures vaccine losses due to
both access and hesitancy barriers.1 In both settings, forecasts of coverage can enable policy
makers to plan for future coverage possibilities.

In addition to vaccine coverage forecasting, a large-scale correlative study of the socio-
economic correlates of immunisation coverage is performed. This study allows the changing
strength of possible socio-economic drivers of vaccine coverage to be assessed. We study cor-
relations between coverage and 190 socio-economic factors that include healthcare, education,
and infrastructure variables. Countries are grouped by regional classifications according to
the World Health Organization to understand how factors vary in their association with cover-
age across world region. This work extends the current literature by performing the broadest
analysis of socio-economic links to vaccine coverage yet available and allowing insights into
the how determinants of coverage vary over time and by world region. This identification of
modulating factors can inform effective immunisation programmes and policies.

This chapter proceeds as follows: in Section 2.2 we provide an overview of the data sources
used in this thesis and detail the data cleaning processes used: these data suffer from missing
data and so a sensible missing data treatment is required (Section 2.2.3); in Section 2.3,
the mathematical methods used to forecast vaccine coverage and perform a large-scale time-
varying correlative study of determinants associated with coverage are presented; in Section
2.4.1 we introduce our vaccine performance index; findings from all analyses are presented in
Section 2.4; and, finally, findings from our application of our vaccine performance index and
correlative study are discussed in Section 2.5.

2.2 Data and data processing

2.2.1 COVERAGE

Childhood vaccination coverage data are obtained from WHO-UNICEF estimates of national
immunisation rates [161]. We denote this dataset COVERAGE. Coverage is obtained for the fol-
lowing childhood vaccinations: BCG (tuberculosis), DTP1 and DTP3 (representing the first
and third doses, respectively, of the diphtheria-tetanus-pertussis vaccine), MCV (measles-
containing vaccine), and POL3 (the third dose of the polio vaccine programme). Vaccination

1See SAGE’s definition of vaccine hesitancy in Section 1.2.1 and [58].
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coverage data are collected between 1980 to 2013 across 190 countries around the world2.
(WHO also recommends three doses of the hepatitis B and Haemophilus influenzae vaccines;
however, due to incomplete data records – partly due to these vaccines not being offered
to many children in high-development regions (see, for instance, [162]) – we do not consider
these programmes.) The level of DTP3 coverage and the difference between DTP1 and DTP3
coverage are often used as indicators of strength in a country’s immunisation programme due
to the ability of national immunisation programmes to reach children with three doses in a
series in a short time [10,163].

Coverage is reported as the percentage of those immunised in a specified target group. For
example, the BCG vaccination is typically reported as the percentage of children who survive
birth and are immunised against BCG at, or soon after, birth (see [161] for details). Coverage
is therefore expressed as a percentage between 0 and 100. When forecasting vaccination
coverage in Section 2.3.1, we transform coverage using the logit transform,

y0(t) = � log

✓
100

y(t)
� 1

◆
, (2.1)

where y0(t) denotes transformed coverage in year t. This transform maps original coverage
values y(t) 2 [0, 100] onto the real line to avoid forecasting coverage to outside the range
[0, 100] as these transformed values lie in the range (�1,+1). (Note that y0(t) does not
denote a derivative.)

2.2.2 GAPMINDER

The website Gapminder [164] draws socio-economic data from sources including the World
Bank [165], the International Labour Organization [166], and WHO [167]. A broad range
of quantitative factors are obtained that span the fields of economics, health care, industry,
demographics, communications, infrastructure, physical geography, trade, and education.

A total of 513 socio-economic factors (SEFs) are initially obtained. After examining the
quality of these data, we filter this initial set down to 190 SEFs. In this curation process
219 SEFs are removed because they have fewer than three data points for 136 countries.
Unnormalised versions of SEFs are either normalised or removed (if their normalised version
already exists). For example, gross domestic product and national electricity use are removed in
favour of GDP per capita and electricity use per person. Unnormalised SEFs often have values
spanning multiple orders of magnitude and are prone to outliers which can cause issues in
correlative studies [168]. Five SEFs are normalised and kept; 104 outlier-prone SEFs are

2In Section 2.2.2, we introduce socio-economic data which is only available from 1980 to 2010. We obtain
coverage data up to 2013 for the purposes of time-series forecasting – see Section 2.3.1.
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removed. This final set of 190 SEFs is tabulated with missing data summary statistics in
Appendix Table A.1. (We refer to this dataset as GAPMINDER.)

Countries are grouped into six world regions according to WHO classifications: Africa
(AFR; 47 countries), the Americas (AMR; 35 countries), the Eastern Mediterranean (EMR;
21 countries), Europe (EUR; 53 countries), South-East Asia (SEAR; 11 countries), and the
Western Pacific (WPR; 27 countries) [169] (see Figure 2.1 F and Appendix A.1.2). In Section
2.3.3, time-varying associations between national-level socio-economic factors and vaccine
coverage for each world region are sought. It is therefore instructive at this stage to define
the set of vectors xrst, where r = 1, . . . , 6 denotes world region, s denotes a socio-economic
factor, and t denotes year. These vectors have length equal to the number of countries in a
given world region (see Appendix A.1.2 for a full country list). Similarly, vaccination coverage
for vaccine v in year t is given by yrvt.

Reducing the set of socio-economic factors from 513 to 219 (as described above) lowers
the overall missing data fraction from 67.7% to 48.4%. This percentage varies substantially
across SEFs, between countries, and over time (see Appendix Table A.1). This missing data
fraction must be substantially reduced.

2.2.3 Imputing missing data

There are a number of approaches to replacing missing data values [170,171]. Understanding
the mechanism by which missing data are generated can motivate the optimal imputation
strategy [172]. There are three mechanisms through which missing data can arise: missing
data can be missing completely at random (MCAR), missing at random (MAR), or missing

not at random (MNAR) [171]. Data are MCAR when the process that results in missing
data is independent of the values of other non-missing data or to the values of missing data
that should have been observed. When missing data depends on other variables in the data,
but not to the values of missing data that should have been observed, these data are said to
be MAR . When the missing data mechanism is related to the missing data that should have
been observed, the missing data mechanism is MNAR.

As an example of each of these mechanisms, consider the following toy example using the
socio-economic variable aid received per person (reported in US dollars; see Appendix Table
A.1). Suppose that in every year a country decides whether to report the aid it receives based
on the toss of a fair coin. Any missing data arising would be MCAR, as the process which
generates the missing data is random and unrelated to other observed data and to the value
of aid received per person which should have been observed. Suppose instead, that a country
that receives no aid does not officially report aid received per person, then the fact that these
data are missing is related to missing value itself: this is an example of data which is MNAR.
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If, however, countries with a gross domestic product above a threshold were neither entitled
to aid nor required to report it, then the missing data value is related to an auxiliary variable
and the missing data mechanism is MAR.

When data are MAR or MNAR, ignoring the missing data mechanism (for example by
deleting all missing data values) can result in biased statistics estimated from these data [172]
and so a sensible imputation strategy is required.

Imputing socio-economic factors
There are a total of 36,100 time-series of socio-economic data (190 countries ⇥ 190 variables).
These time-series have different ‘patterns’ of missing data; for example, data might have
only been collected since a certain year, or might only be collected and reported in every nth

year. As the number of socio-economic variables is large, an imputation method based on
a parametric model between missing and non-missing data is challenging and so we seek an
alternative.

We believe most time-series missing data to be MAR as other data (such as adjacent
time-series points) are typically highly informative of the missing data value. When all data
points within a time-series are missing, it might be supposed that these data are MNAR.
However, in this case, the missing time-series may be well approximated from other countries’
time-series for this factor. These missing data patterns – which include the occasional missing
time-series datum and entire missing time-series – suggest a combined imputation approach
that accounts for time-series imputation methods and nearest-neighbour methods which can
‘borrow’ missing data based on similarities between countries’ socio-economic data records.

The combined imputation strategy which we develop (the full details of which are provided
in Appendix A.1.3) uses linear interpolation and extrapolation to impute time-series data
points when there are at least two data points in the time series; mean imputation when
there is a single time-series datum [173]; and, in the case when there are no time-series data
points, uses a K-nearest neighbours algorithm [174–176]. Our combined imputation strategy
searches over different parameterisations of these individual strategies to find an optimum
(see Appendix A.1.3 for imputation details and evidence supporting the robustness of this
approach).

Imputing vaccine coverage data
Missing data are less prevalent in COVERAGE than GAPMINDER: only 14% of data are missing
across all vaccines. BCG has the highest missing data fraction (26.6%) followed by MCV
(13.1%), POL3 (11.1%), DTP3 (10.9%), and DTP1 (10.4%). Coverage data are typically
missing between 1980-1990 (when some campaigns were newly-introduced). Coverage time-
series are imputed using linear interpolation and extrapolation; however, as vaccine coverage
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data tends to be more volatile than socio-economic data, it is best extrapolated based on a
higher number of time-series data points than socio-economic time-series (see Figure 2.1 C
and Appendix A.1.3).

2.2.4 Exploratory analyses

After data cleaning and imputation, exploratory data analyses are performed to understand
the structure and characteristics of the GAPMINDER and COVERAGE datasets.

Trends in immunisation coverage
Vaccine coverage rates have increased across all six WHO regions between 1980 and 2010.
In 2010, coverage for all vaccines except BCG is highest in the European region. The Amer-
icas, South-East Asia, and Western Pacific regions have a higher overall BCG coverage than
Europe in 2010 (Figure 2.1 A). In 2010, vaccine coverage is lowest in the Africa region for
all vaccines. High mutual correlations exist between the DTP1, DTP3, MCV, and POL3
vaccines, but BCG is not highly correlated with this group (Figure 2.1 B). Time-series of
DTP3 coverage across individual countries show large contrasts in both coverage magnitude
and variability (Figure 2.1 C).

Trends and structure in socio-economic factors
Trends in socio-economic time-series are illustrated with two examples. In Figure 2.1 D and E
trends in countries’ female education and rural access to water, respectively, are shown. With
the exception of naturally volatile socio-economic factors, such as those based on natural
disaster incidents and deaths, most SEFs are smoothly time-varying. In Figure 2.1 G, a
scatter plot of countries’ 1982 DTP3 coverage rates versus their education levels (in the same
year) for three world regions is shown. This plot illustrates the regional correlations we
perform in Section 2.3.3: correlations are obtained between a single SEF (across all countries
in a given region) and DTP3 coverage for each year and averaged over time (see Section
2.3.3).

Structure in socio-economic data is investigated using t-distributed stochastic neighbour
embedding (t-SNE) [177]: a dimensionality reduction method used for data visualisation.
Although other dimensionality reduction methods for data visualisation exist, such as princi-
pal components analysis [178], multi-dimensional scaling [179], and Sammon mapping [180],
t-SNE is used for its improved data visualisation quality of high-dimensional data over similar
algorithms [177]. A rough overview of t-SNE in the context of visualising GAPMINDER and
COVERAGE data is now provided.
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t-SNE projects high-dimensional data into a lower dimensional space through minimisa-
tion of a cost function defining the quality of the mapping [177]. A similarity matrix Sss0

representing the ‘closeness’ between each socio-economic factor in the high-dimensional space
is first obtained,

Sss0 = 1�
1

31

�����

31X

t=1

⇢(xst,xs0t)

����� , (2.2)

where xst is a vector of all countries’ socio-economic factor s in year t (= 1, . . . , 31), and
⇢(·, ·) is the Spearman’s rank correlation coefficient3. (Vaccination coverage data yvt is also
included when calculating the similarity matrix). The probability of two factors being closest
neighbours is assumed to be proportional to the similarity matrix,

pss0 / Sss0 . (2.3)

The aim is to map these probabilities onto a two-dimensional vector space Y . Another
probability kernel is used in this low dimensional space to model the similarity of vectors ys,
y0s 2 Y . In t-SNE, the t-distribution is used for this probability distribution,4

qss0 / (1 + ||ys � y0
s||

2)�1. (2.4)

The low dimensional vectors ys are obtained by minimising a cost function between the high-
and low-dimensional space. Stochastic neighbour embedding uses the Kullback-Leibler (KL)
divergence [182] to measure the data faithfulness between these high- and low-dimensional
spaces [181]. The cost function is a sum over all KL divergences,

C =
X

ss0

pss0 log
pss0

qss0
. (2.5)

When pss0 ⇡ qss0 this cost function is small. When pss0 is large then there is a large penalty
unless qss0 is also large. This KL distance is therefore appropriate for a local structure-
preserving map. The heavy tail of the t-distribution further accentuates large distances in
the high-dimensional space, whilst maintaining short distances [177].

Application of t-SNE shows strong links between socio-economic factors in similar cate-
gories5 and reveals the mutual correlation structure within the vaccine coverage data (Figure
2.1 H). BCG, for example, is closer in the reduced mapping to factors relating to health
spending, whereas the other four vaccines seem to be more closely aligned with schooling

3See Equation (2.12).
4In the original stochastic neighbour embedding paper [181] a Gaussian distribution was used.
5These categories are heuristically chosen.
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variables.
In accordance with GAVI’s use of DTP3 as a marker of strength in immunisation pro-

grammes [163] (and because of the high mutual correlations between vaccines), the analyses
in this chapter henceforth focus on DTP3 coverage.

2.3 Statistical methodology

2.3.1 Forecasting vaccine coverage rates

Vaccine coverage time-series show wide-ranging characteristics between countries that include
smooth and highly volatile time-series (Figure 2.1 C). Forecasting such data therefore requires
a versatile method that takes into account this range of characteristics. Further, this method
should provide a way to account for uncertainty in the data (which might be time-varying)
and should return probabilistic distributions over predicted values for interpretability.

In this chapter, we consider fitting Gaussian processes (GPs) [183] to coverage time-
series data. Gaussian processes offer many advantages: for example, probabilistic predic-
tions, model flexibility, and a generalised modelling framework [183,184]. Whilst parametric

models may require a parametrised class of functions to be selected apriori, GPs are non-

parametric as they involve inference over an infinite-dimensional function space [183, 185].
GPs are therefore appropriate for national vaccine coverage forecasting, as little is known
about the functional forms of coverage time-series data, which seem to differ markedly be-
tween countries.

Gaussian processes
Gaussian processes are defined as a collection of random variables with the specific property
that any finite subset of these random variables has a multivariate Gaussian distribution [183].
A Gaussian process is then written as a draw from a multivariate normal distribution,

f ⇠ N
�
µ,K

�
(2.6)

where {ft, t 2 T} is the Gaussian process, µ = E[f ] is the mean of the GP and K = cov(f , f 0)
is a covariance matrix. The covariance matrix can be obtained through a covariance function

k(·, ·), such that Kij = k(ti, tj). Temporal trends in the Gaussian process are modelled via
the mean and covariance functions.

Many choices exist for the covariance function [183]. We choose the squared-exponential
(SE) kernel as it allows a wide range of time-series to be modelled (see Figure 2.2). The SE
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Figure 2.1: Exploratory analyses of socio-economic factors and illustrative dynam-
ics of SEFs and vaccine coverage. (A) Vaccine coverage levels have increased across WHO
regions since 1980. Leftmost circle represents 1980 coverage levels; rightmost is 2010. Cover-
age is averaged across all countries in a region. (B) Spearman correlation between vaccines
across all countries and years. (C) Diversity of behaviours between countries’ time-series.
(D) Time-series of the SEF rural water access. (E) time-series of the SEF female education.
(F) World regions as defined by WHO. (G) Scatter plot illustrating the link between DTP3
coverage and maternal education in 1982, coloured by WHO-region. (H) Visualisation of
high-dimensional SEF matrix via t-SNE (described in text) reveals pronounced structure
throughout the set of SEFs considered. Heuristic categories are assigned before using t-SNE.

36



0.0 0.2 0.4 0.6 0.8 1.0

−1
.5

−0
.5

0.
0

0.
5

1.
0

1.
5

l=0.01

t

f(t
)

0.0 0.2 0.4 0.6 0.8 1.0

−1
.5

−0
.5

0.
0

0.
5

1.
0

1.
5

l=0.1

t
f(t
)

0.0 0.2 0.4 0.6 0.8 1.0

−1
.5

−0
.5

0.
0

0.
5

1.
0

1.
5

l=0.5

t

f(t
)

A                              B        C

Figure 2.2: Diversity of Gaussian processes using the squared-exponential kernel
(A) Squared-exponential (SE) kernel (Equation (2.7)) with ⌧c = 0.01 and s = 0.5. (B) SE
kernel with ⌧c = 0.1 and s = 0.5. (C) SE kernel with ⌧c = 0.5 and s = 0.5. The SE kernel
is able to capture a wide range of time-series properties, including quickly-varying processes
that can capture sudden drops in coverage (A) and slowly-varying long-term trends (B)
including near-constant time-series (C).

kernel is defined as,

k(ti, tj) = s2 exp

✓
�

(ti � tj)2

2⌧ 2c

◆
, (2.7)

where ⌧c is the characteristic time scale of the GP and s2 is a scale factor. As SE kernels
are stationary [183], a non-zero mean function is specified to model long-term time trend in
the coverage time-series. We opt for a linear mean function µ(t) = mt+ c, with m and c the
gradient and intercept, respectively. This linear function should capture the broadly linearly
increasing time-series trends in transformed coverage space.

Gaussian process regression
Vaccine coverage is modelled as,

y0 = f + ✏, (2.8)

where y0 is a time-ordered vector of logit-transformed coverage (as defined in Section 2.2.1),
f is a Gaussian process, and ✏ ⇠ N (0, �21) is observation noise [183].

Fitting GPs to observed vaccination coverage data proceeds in a Bayesian framework by
maximising the posterior density,

p(✓|y0, t) / p(y0
|t,✓)p(✓)

=

Z
p(y0

|t, f)p(f |✓)df ⇥ p(✓), (2.9)

where the integral in Equation (2.9) is the (marginal) model likelihood (integrated with
respect to the Gaussian process f) and p(✓) is the prior over the parameters to be inferred, ✓ =
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{l, �2, s2,m, c}. The likelihood integrand comprises y0
|t, f ⇠ N (0, �2) and f |✓ ⇠ N (µ,K).

Maximum a posteriori estimates of the parameters are obtained through the GPML package
in MATLAB [186]. The performance of Gaussian process regression is assessed with respect to
a linear regression benchmark in Appendix A.3.1; GPs are shown to be predictively superior.

Prior selection
The same prior distributions are chosen for each country and the choice of priors are motivated
by the scales involved. All prior distributions are specified for transformed coverage y0(t).
The time-scale ⌧c over which coverage data interacts is likely to be a few years, and so we use
the prior ⌧c ⇠ N (0, 22). Due to the large range of coverage starting values in 1980, we centre
the intercept at at 95% (which is � log(100/95�1) ⇡ 3 in transformed space) but use a large
variance to account for the wide variability in values here, thus we choose c ⇠ N (3, 42). The
prior of the gradient m is centred at 0 to account for both growing and declining coverage
and a large variance is chosen to account for large growths or decays in coverage, thus we
specify m ⇠ N (0, 12) (the variance here is chosen with the range of time – 31 time points –
and coverage extremes (which range from approximately -5 to +5 in transformed space) in
mind.

Reasonably uninformative prior variances are chosen to allow for a large variability in
both observation noise and scale factor: we choose log �2

⇠ N (0, 22) and log s2 ⇠ N (0, 22).
(We note that p(✓) is thus expressed through independent priors for each parameter.)

2.3.2 A Vaccine Performance Index

Gaussian processes provide a probabilistic distribution over values forecasted from the mean
function. This distribution is known as the predictive distribution and is given by,

y0⇤|t⇤, t,y
0
⇠ N

�
ȳ0⇤, cov(y0⇤)

�
, (2.10)

where ȳ0⇤ = µ(t⇤) + kT
⇤ [K+ �21]�1(y0

� µ), and cov(y0⇤) = k(t⇤, t⇤)� kT
⇤
⇥
K+ �21

⇤�1
k⇤ with

k⇤i = k(t⇤, ti) [183].
This predictive distribution over forecasted values is used to define a summary measure

of the strength of nation’s immunisation programmes. We term this measure the vaccine
performance index (VPI). The VPI thus uses previous trends in mean and variability (via
the GP model) to balance the desirable probability of high future coverage levels against
the undesirable probability of experiencing drops in coverage. We define the VPI as the
probability coverage in a future year t⇤, y⇤ = y(t⇤), will exceed a threshold value ⌫ less

the probability that this future year’s coverage will drop more than a value d. The VPI is
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therefore expressed as,

VPI⌫,⌧,d(t⇤) = P (y⇤ > ⌫)� P (y⇤ < y(tN)� d), (2.11)

where y(tN) is the most recent year for which coverage was used in the forecast and we note
that we have mapped transformed coverage back to [0,100].6 The index ⌧ on the index refers
to how far in the future the forecast is, t⇤ = tN + ⌧ . Under all parameterisations, the VPI
is between -1 (P (y⇤ > ⌫) = 0 and P (y⇤ < y(tN) � d) = 1) and +1 (P (y⇤ > ⌫) = 1 and
P (y⇤ < y(tN)� d) = 0), representing the two extremes of dynamic behaviour.

This expression is re-weightable if the reader or policy maker wishes to focus on a different
combination of strategic properties. There are more natural parameterisations of this index
than others. For example, to assess the GVAP goal of 90% coverage in all countries by 2015,
it is reasonable to consider ⌧ = 2 (since coverage data are available until 2013 – see Section
2.2.1), ⌫ = 90, and d ! 1, thus using the index to forecast the probability that coverage in
2015 will exceed 90% (as the final term in Equation (2.11) becomes zero). Alternative forms
of the VPI are discussed in Appendix A.3.2.

2.3.3 Time-varying correlative study

Spearman’s rank correlation coefficient is a non-parametric measure of correlation that is
robust to outliers, model-free, and can compute correlations with continuous and discrete
variables [187, 188]. As we consider a large number of socio-economic factors – which may
be discrete or continuous and whose relationship form with coverage is unknown – these
properties are appealing. Spearman’s rank correlation coefficient between two vectors x and
y is given by

⇢(x,y) =
cov(rx, ry)
�rx�ry

, (2.12)

where rx, and ry are ranked vectors for x and y, respectively (this equation is equivalent to
the Pearson correlation between ranked data) [189], and �rx denotes the standard deviation
of the ranked vector rx (and similarly for ry).

Temporal trends in association between a coverage programme v and an SEF s are mod-
6This is done via the equations,

P (y(t⇤) > ⌫) =

Z � log( 100
⌫ �1)

�1
p(y0⇤|t⇤, t,y

0)dy0⇤,

and
P (y(t⇤) < y(tN )� d) =

Z 1

� log
�

100
y(tN )�d�1

� p(y0⇤|t⇤, t,y0)dy0⇤.
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elled by taking time-averaged Spearman coefficients between all countries within a region,

⇢̄rsv =
1

t2 � t1 + 1

t2X

t=t1

⇢(xrst,yrvt), (2.13)

⇢̄rsv is the time-averaged Spearman’s correlation for socio-economic factor s with vaccine
coverage programme v for WHO region r, and where t2 is the most recent year and t1 the
most distant. In Section 2.4.2, we compare historic trends to recent ones by considering
t2 = 2010, and t1 = 2001 (recent) and t1 = 1980 (historic).

As we consider a large number of correlations, we must guard against the increased chance
of committing a type I error7 by performing multiple hypotheses corrections [190]. Each
correlation between coverage and a socio-economic factor in a given year returns a p-value.
An overall p-value is required across the multiple averages calculated (31 when t1 = 1980, and
11 when t1 = 2001). Many approaches to multiple hypothesis testing assume independent p-
values [191] which may result in an overly-penalised corrected p-value. To combat this issue,
we develop a meta p-value from the 31 (t1 = 1980) or 11 (t1 = 2001) p-values obtained in each
time-average based on an approach introduced by Delongchamp et. al [192]. These meta
p-values are then corrected using the Bonferroni method [190]. The meta p-value derivation
and correction method is outlined in Appendix A.2.1.

As we consider a total of 190 SEFs, a mechanism is required to focus on the strongest
signals. To obtain the most robust signals, the top-ten correlating socio-economic factors
within each WHO region across both time intervals are selected. In this top-ten list, many
factors will not be significantly correlating with vaccine coverage. To address this issue,
SEFs are replaced from this top-ten list if they have a corrected meta p-value less than 0.01
(see Appendix A.2.1). In addition to these top ten SEFs, other factors are included that
are related and useful for comparison: we include primary school completion rate (male), for
example, for a direct comparison with primary school completion rate (female) (see Appendix
A.2.2 for full details on this replacement process).

2.4 Results

2.4.1 Country trends and forecasts with the VPI

To compare countries’ national immunisation programme strength we parameterise the VPI
in Equation (2.11) with ⌫ = 95% and d = 2. These choices are motivated by the 95%

7A type I error is the incorrect rejection of a null hypothesis [190].
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vaccination rate required for herd immunity8 and because a drop of d = 2 weighs the desirable
property of high coverage against an undesirable drop.

In Figure 2.1 A, world maps of the VPI values under the parameterisation above in
2001, 2005, 2009, and 2013 are shown. Consistently high-performing countries include Saudi
Arabia, Russia, Hungary, and Slovakia (Figure 2.1 A; and see the table of VPI values in
Appendix A.3.3). The UK, USA, Canada, Australia, and New Zealand, have historically low
VPI values; whilst VPI values have improved in the UK, USA, and Canada, they remain low
in Australia and New Zealand. More generally, North America, Europe, and much of Asia
have shown steady progress since 2005; by contrast, South America, sub-Saharan Africa, and
the Indian subcontinent have shown little improvement. Many European countries have been
unable to increase coverage levels to values in excess of 95%. Romania (89%), Iceland (91%),
Norway (83%), and Ukraine (94%) have VPI values far from +1, signifying coverage rates
still below 95% and showing little sign of gaining above this threshold. Africa shows mixed
results. North African countries (in the EMR region) have high VPI values. Many other
non-African Eastern Mediterranean countries show clear improvement in the past decade
and high current VPI values (such as Iran, Saudi Arabia, Oman), although Syria, Iraq,
Pakistan, Afghanistan, and Yemen are notable exceptions. Sub-Saharan Africa (countries
within the AMR definition) have low VPI values. These values are due to high coverage
variability and low mean coverage rates. There are some exceptions, however. Rwanda,
Burundi, Botswana, and Zimbabwe have high VPI values representing high and stable DTP3
coverage rates. South-East Asia performs similarly to Africa. Many countries have vaccine
performance index values close to -1 (Figure 2.1 A and Appendix A.3.3) suggesting a high
probability of declining coverage in future years.

In Figure 2.1, Gaussian process forecasts for the five countries with the highest increases
(B) and decreases (C) in VPI values between 2009 and 2013 are displayed. Malta has the
most improved VPI values between 2009 and 2013 (Figure 2.1 B): DTP3 coverage decreased
sharply between 2004 and 2007 (falling to a low of around 70%) though has since recovered
to over 95% in 2013. Romania has the most deteriorated VPI values, as high and steady
values in excess of 95% have decreased to sub 90% in 2013.

Assessing GVAP’s 90% coverage goal
An alternative form of the VPI is used to assess the GVAP goal of 90% coverage in all
countries by 2015. To do this we forecast vaccine coverage data into 2015 (2 years after the
most recent available datapoint, in 2013) and calculate the probability that DTP3 coverage
will exceed 90%. We therefore take ⌫ = 90, ⌧ = 2, and d ! 1 in Equation (2.11)). VPI

8Although we choose this threshold as this value is often cited as the level required to maintain herd
immunity, we note that this is disease specific [136] and policy makers can choose ⌫ accordingly
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Figure 2.3: A Vaccine Performance Index highlights regions with a large proba-
bility of variable coverage far from the 95% threshold. (A) The performance index
(VPI; Equation (2.11)) for all countries for tN = 2001, 2005, 2009, and 2013. Sub-Saharan
Africa, parts of Southern and South-East Asia and some European countries have low VPI
(despite many having high coverage; in these cases, volatile coverage history decreases the
VPI). Black represents missing data. (B) Countries with the largest improvement in VPI
between 2009 and 2013 (Malta is most improved). (C) Countries with the largest decrease in
VPI over the same period (Romania has the most deteriorated performance). WHO-UNICEF
coverage estimates are in blue. For 2013’s VPI value, coverage data from 1980 to 2012 is
used. The mean of the Gaussian process in black, and shaded 95% confidence intervals for
training (blue) and forecasted (red) data. We show 2013 as the red vertical line. VPI values
can be found in Appendix A.3.3
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0.5 ≤ VPI < 0.9: Angola, Argentina, Armenia, Australia, Bosnia and Herzegovina, Brunei Darussalam, Burkina Faso, 
Cameroon, Chile, Colombia, Costa Rica, Cuba, Denmark, El Salvador, Honduras, Iceland, Jamaica, Kiribati, Malawi, 
Nauru, Nepal, Norway, Palau, Paraguay, Peru, Romania, Samoa, Senegal, Trinidad and Tobago, Tuvalu, United 
Republic of Tanzania, Viet Nam, Yemen, Zimbabwe.

0.1 ≤ VPI < 0.5: Barbados, Comoros, Korea, Democratic People's Republic of, Djibouti, Dominican Republic, Lao 
People's Democratic Republic, Liberia, Mauritania, Micronesia, Federated States of, Namibia, Panama, Republic of 
Moldova, San Marino, Solomon Islands, Suriname, Togo, Ukraine. 

VPI < 0.1: Afghanistan, Austria, Benin, Central African Republic, Chad, Congo, Cote d'Ivoire, Democratic Republic of 
the Congo, Equatorial Guinea, Ethiopia, Gabon, Guinea, Guinea-Bissau, Haiti, India, Indonesia, Iraq, Kenya, Lebanon, 
Madagascar, Mali, Marshall Islands, Mozambique, Burma, Niger, Nigeria, Pakistan, Papua New Guinea, Somalia, South 
Africa, Syrian Arab Republic, Timor Leste, Uganda, Vanuatu, Venezuela, Zambia.
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Figure 2.4: Extrapolation of current trends based on our Gaussian process model
reveal countries which may fail to reach GVAP targets (A) 54 countries have more
than a 50% chance of failing to meet GVAP 2015 targets if current DTP3 trends continue.
(B) Histogram of VPI values illustrating a gulf in vaccine performance.

values for these parameters are mapped in Figure 2.4 A.
A histogram of VPI values yields a bimodal distribution (Figure 2.4 B). This bimodality

suggests many countries are set to either comfortably reach this goal or set to fall considerably
short. There are a few dozen countries falling within these peaks and include many South
American and countries in southern Africa. European countries generally perform better
than other regions (with the notable exceptions of Denmark, Iceland, Romania, Austria,
Moldova, San Marino, and Ukraine) and have – under our model – an almost certain chance
of reaching the GVAP goal. Countries in sub-Saharan Africa and the Indian subcontinent
(with only few exceptions) seem likely to drastically miss the GVAP target.
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2.4.2 Regional trends in determinants of DTP3 coverage

In Figure 2.5 A, the most strongly correlating socio-economic factors with vaccine coverage
over the periods 1980 to 2010 and 2001 to 2010 are shown. Correlation strengths differ
between WHO region and vary over time. The two most consistently-correlating SEFs (p-
values < 0.05 over the largest number of regions) are births attended by skilled health staff9

and access to sanitation10. In AFR, AMR, and EUR, correlation magnitude is high between
1980 to 2010, but lower recently. In contrast, SEFs have remained correlated over time in
the EMR and the WPR regions.

In AFR and AMR, national levels of access to water/sanitation11 and births attended by
skilled health staff are informative of a country’s DTP3 immunisation rate. In AFR and
EMR, educational variables, such as primary completion rates12 and education ratio13, and
access to water are highly informative of a country’s DTP3 level. In EMR alone, government
health spending14, income metrics (such as GDP per capita15 and GNI per capita16), access
to sanitation, phone use17, and CO2 emissions18 are strongly linked with coverage. Histor-
ically, socio-economic correlates are low (across both time periods) in EUR, and are low
between 2001 to 2010 AMR. In SEAR, education ratio and access to sanitation are the only
two significant correlates at the p < 0.05 level between 1980-2010 and only rural sanitation
access19 is significant between 2001 to 2010. In WPR, births attended by skilled health staff
is the strongest correlate. EMR is the only region where gross domestic product per capita is
the strongest correlate of DTP3 coverage. In all other regions the top correlating factor is
typically related to education or access to water or sanitation. This correlation study was
repeated for other childhood vaccines; see Appendix A.2.3 for figures and a discussion.

In our correlative analysis, a significant effect was noted in the difference between the
correlation strength of male and female education level in AFR and SEAR. This effect is
shown in Figure 2.5 B. We also note the decreasing strength of the tie between a country’s
DTP3 coverage and its education level in AFR, AMR, EMR and EUR.

9Percentage of births attended by a skilled health personnel from the World Bank [193] accessed via
Gapminder [164].

10Percentage of population with access to sanitation facilities [194], via [164]
11Percentage of population with access to improved water sources [195] via [164].
12Percentage of those completing primary education [196] via [164]
13Ratio of girls to boys in primary and secondary education [197] via [164]
14Central government expenditure on health as a percentage of total government expenditure [198] via [164]
15Gross domestic product per capita [199] via [164]
16Gross national income per capita [200] via [164]
17Fixed line and mobile phone subscribers (per 100 people) [201] via [164]
18Per capita carbon dioxide (CO2) emissions (metric tonnes of CO2) [202] via [164]
19Percentage of rural population using improved sanitation facilities [203] via [164]
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Figure 2.5: Historic and recent socioeconomic correlates with DTP3 coverage (A)
Strength of time-averaged correlation as outlined in Equation (2.13) for 1980-2010 (dark
colours) and 2001-2010 (light colours) with meta p-values (black for 1980-2010, red for 2001-
10: *** denotes p < 0.001 , ** denotes p < 0.01, * denotes p < 0.05, and ⌃ denotes
p < 0.10. Error bars represent 95% CIs. The selection process of SEFs is described in Section
2.3.3 (B) Time-series of Spearman’s ⇢ between DTP3 coverage and female (blue) and male
(red) education. GDP=gross domestic product. GNI=gross national income. AFR=Africa.
AMR=Americas. EMR=Eastern Mediterranean. EUR=Europe. SEAR=South-East Asia
Region. WPR=Western Pacific region. DTP3=diphtheria, tetanus, and pertussis third dose.
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2.5 Discussion

In this chapter, we introduced the vaccine performance index: a quantitative measure of
the strength of a nation’s immunisation programme based on previous trends and volatility
in DTP3 coverage. In countries with advanced healthcare systems where there is universal
access to vaccines, this index can be interpreted as a measure of vaccine hesitancy. Monitoring
hesitancy and trust in immunisation programmes has been recommended by the public health
community [153,154].

In 2016, a WHO report [204], noted that 65 countries had failed to achieve either “90%
coverage nationally or 80% coverage in every district or equivalent administrative unit against
[DTP] by 2015”. This report is in line with predictions from our vaccine performance index
which identifies 36 countries with a VPI < 0.1 (that is, who have less than a 10% chance of
achieving more than 90% coverage in 2015) and a further 17 with a less than 50% chance (see
Figure 2.4). We thus suggest that our index can be used to identify countries failing to reach
these targets at least two years ahead of the goal’s deadlines, highlighting the importance
and utility of quantitative forecasts introduced in this chapter.

Review of historical trends and variability in vaccination rates can aid policy makers’
assessments of the strength and resilience of immunisation programmes. Although there have
been some recent attempts to compare determinants of vaccine coverage between countries
(for example, across East African countries [92] and sub-Saharan Africa [88]), there has been
no attempt to identify time-varying correlates on a global scale. Our global-scale correlative
study finds that countries with high fractions of people with access to skilled healthcare
providers tend to have high coverage rates – a trend which is significant for four world regions
(AFR, AMR, EMR, and WPR). This result appears to be in agreement with a systematic
review of determinants of coverage [205] which finds a strong link between out-of-hospital
birth (likely highly correlated with access to skilled health staff) and coverage. Moreover,
this review also finds a strong tie between private health-care services with low immunisation
levels; a result in line with our finding of the link between government health spending and
coverage in the European and Eastern Mediterranean regions.

In country-specific contexts, literature from the past few years has identified several so-
cioeconomic and attitudinal barriers to an individual’s vaccination records, such as parental
education level [78–82], age [80, 101, 206], employment status and workplace [78, 80, 81],
poverty [207–210], and distance to health-care facilities [78, 80, 101, 207, 210, 211]. Our time-
varying analysis also finds many of these factors to be informative of a nations’ immunisation
rate, with a country’s overall education level, amount of access to sanitation and water, and
fraction of births attended by skilled health staff all informative of a country’s immunisation
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levels. Many of these factors point to access-related barriers: access to sanitation and water
are likely proxies for poverty; similarly, births attended by skilled health staff could also be
a poverty indicator or an indicator of the average distance people have to go for healthcare.
Many factors, however, paint a more nuanced picture: wealth-based correlates in EMR sug-
gest a financial barrier to vaccines and education-based correlates in multiple regions suggest
that education could influence personal decisions (though of course, these could also be access
– rather than hesitancy – barriers).

The declining strength of socio-economic correlates in AMR and EUR leads us to speculate
that there is an emerging trend in regions with high access from access-based coverage losses
to hesitancy-based coverage losses. In these regions, we suggest that socio-economic factors
are less important in determining vaccine coverage as personal rejection becomes the primary
barrier. Conversely, when strong correlations between coverage and SEFs exist, we believe
that these determinants are informative of regional-access barriers to vaccination. In EUR, for
example, access to vaccines is high, and there are non-infrastructural barriers to vaccination
uptake that centre on religious beliefs and perceived risk of vaccines [36, 53]. In AMR,
where socio-economic links to coverage are low and declining, we suggest the beginning of
this transitional stage wherein vaccines in the region are broadly accessible, but that some
factors (including attendance of medical staff at births) are restricting uptake of DTP3. In
regions where correlation strength is increasing, we suggest that socio-economic determinants
can be targeted for intervention. For example, the ratio of girls to boys in primary education,
public health spending, and sanitation in SEAR. In AFR, the presence of skilled health staff
could be targeted (a potential surrogate, children born in a public or private health-care
facility, is consistently linked to completion of routine vaccinations [101]). We note, however,
that further analyses would be required to infer causation between factors and coverage.

Although regional variability reveals an overall picture of trends at the WHO region, there
is likely to be large sub-national variability in these correlates: this is a key limitation of the
GAPMINDER dataset.

Further developments to the work in this chapter can be made: improvements to the
accuracy of our GP model could be sought through the inclusion of socio-economic or media-
sentiment data, for example, and forecasts could be extended to sub-national levels would
allow an evaluation of regional vaccination targets [142].

In the next Chapter, we seek to obtain a more concrete handle on global attitudes to
vaccines by investigating large-scale vaccine attitude survey data from 67 countries around
the world.
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3 | The state of vaccine confidence 2016:
global insights through a 67-country
survey

3.1 Introduction

A measure of fluid injected

into vein, possibly (7)

— Hawthorn, Times quick

crossword No. 853

In Chapter 2, trends in immunisation coverage rates are linked to trends in socio-economic
determinants and are forecasted to provide probable ranges of future national coverage levels.
These forecasted levels are used to evaluate the performance of national immunisation pro-
grammes. Although this index may provide key insights into the levels of vaccine hesitancy in
countries where access to vaccines is not a barrier, this measure is indirect and cannot yield
information on individual perceptions towards a range of vaccine-related topics. Obtaining
and assessing vaccine-specific views is the focus of this chapter.

Individuals’ perceptions of vaccines can greatly affect vaccine uptake rates but, despite
virtues of routine monitoring of attitudes to immunisation programmes, there are only a
small number of ongoing quantitative monitors of attitudes to vaccines [119, 212–214]. This
lack of monitoring obfuscates a rigorous understanding of hesitancy and hinders our ability
to forecast coverage based on attitudinal factors. Regular monitoring of attitudes can inform
and optimise proactive public health interventions and can enable more sophisticated vaccine
coverage forecasts. It is thus unsurprising that regular attitude monitoring has thus been
cited as a public health priority [58,154,215].

The London School of Hygiene and Tropical Medicine’s Vaccine Confidence Project1

1www.vaccineconfidence.org/
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(VCP) is assuming the mantle of establishing routine attitude monitors. The central aim of
the VCP is to “. . .monitor public confidence in immunisation programmes by building an
information surveillance system for early detection of public concerns around vaccines.” In
2014, research led by the VCP surveyed almost 20,000 respondents across Georgia, India,
Pakistan, Nigeria, and the UK to monitor attitudes to vaccines and perceptions of health
services amongst parents of children under five and the general population as a whole [216].
This survey was the first of its kind to probe a broad range of attitudes to vaccine programmes
at the national scale across multiple countries. In this chapter, we present findings from a
more recent survey – conducted by WINGIA in collaboration with LSHTM – which greatly
extends the scope the of this previous study.

We believe that this survey is the largest ever conducted on vaccine attitudes in terms of
both the number of participants and the number of countries surveyed: 70,000 individuals
across 67 countries are interviewed on their perceptions towards the importance of childhood
vaccines, the safety and effectiveness of vaccines, and the extent to which vaccines are com-
patible with their religious beliefs. In addition to these questions, a range of socio-economic
data are collected for each respondent. We use these socio-economic data to explore dif-
ferences in attitudes to vaccinations between individuals and – using socio-economic factors
from Chapter 2) – we also explore differences between countries.

At this stage it is worth highlighting the difference between independent attitudes to
vaccines – which explore perceptions towards a range of vaccine related topics (and which
are the focus of this chapter) – and vaccine hesitancy, which is a complex combination of
attitudinal factors ( [58] and see Section 1.2.1). In the following chapter, we implement a
timely extension to the research presented here by inferring an individual’s vaccine hesitancy

based on their responses to survey data in this chapter.
We begin this chapter with an introduction to the survey data collected by WINGIA. Hi-

erarchical regression models – which enable variation between individuals and between coun-
tries to be explored – are introduced in Section 3.3. Results are then presented: worldwide
attitudes to vaccinations are mapped (Section 3.4.1) and global determinants of attitudes are
established (Section 3.4.2). Finally, the results are discussed in Section 3.5.

3.2 Data

3.2.1 GLOBAL-67

Every year since 1977, WIN/Gallup International Association (WINGIA) have conducted
their End of Year global survey monitoring the public’s view on beliefs, happiness, and
economic and social expectations [217]. In 2015, in partnership with the Vaccine Confidence
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Project at the London School of Hygiene & Tropical Medicine, WINGIA extended this 14-
question survey to include four questions on attitudes to vaccinations:

1. Overall I think vaccines are important for children to have;

2. Overall I think vaccines are safe;

3. Overall I think vaccines are effective; and,

4. Vaccines are compatible with my religious beliefs.

Each vaccination question is answered on the five-point Likert scale: strongly disagree, tend to
disagree, do not know (and no response), tend to agree, or strongly agree. No response is coded
with do not know. Only 1.9% of respondents provided this response to all four vaccination
statements: as most of these 1.9% also provide non-missing responses to sensitive income
and religion questions, we assume that this percentage is likely to be a strict upper bound on
the missing vaccine survey questions. We therefore henceforth assume that these responses
– jointly coded as do not know/no response – therefore represent do not know and are not
missing.

In addition to vaccination data, a number of socio-economic characteristics for each indi-
vidual are collected (factor levels are stated and baseline categories are underlined):

1. Sex: male, and female (SEX);

2. Age: 18-24, 25-34, 35-44, 45-54, 55-64, and 65+ (AGE);

3. Education: none, primary, secondary, university, and masters/PhD (EDU);

4. Income: first, second, third, fourth, and fifth (quintiles) (INC);

5. Work type: employed (full and part-time), unemployed, student, retired/disabled, and
housewife (EMP); and,

6. Religion: Roman Catholic, Protestant, Russian/Eastern-Orthodox, Muslim, Jewish,
Buddhist, Hindu, atheist/agnostic, other Christian, and other (REL).

A total of 65,819 persons were interviewed globally across 67 countries. Roughly 1,000
individuals are interviewed in each country (a maximum count of 2,080 in Afghanistan, a
minimum of 398 in Algeria, and a median of 1,000) comprising roughly 50% males and
females. Surveys were conducted either face-to-face (30,230 respondents in 28 countries),
by telephone (13,062 in 16), or online (22,527 in 23). Refused or otherwise missing socio-
economic data are also coded with do not know thus complicating the data cleaning process:
dealing with this data ambiguity is discussed in Section 3.2.2.
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3.2.2 Country-level variables

Country-level variables are used to account for variance in attitudinal response data be-
tween countries. Key country-level factors from Chapter 2 are therefore augmented with the
GLOBAL-67 dataset. These variables are:

1. Health Expenditure (% of GDP) (HEX);

2. Births attended by skilled health staff (% of total) (BIR);

3. GDP per capita (US$) (GDP);

4. Under-five mortality rate (per 1000 births) (U5M);

5. Access to sanitation (% with access) (SAN);

6. Access to water (% with access) (WAT); and,

7. Mean years of schooling (years) (SCH).

Country-level variables BIR, GDP, U5M, SAN, and WAT are obtained from the World Bank
[218]; HEX is obtained from WHO [219]; and SCH through the UN Development Pro-
gramme [220]. Wherever possible, 2015 records for each variable are used; however, whenever
unavailable, the closest available record after and including 2010 is used.

Missing data
The missing data percentage of the socio-economic elements of the GLOBAL-67 dataset is
slightly higher than that of the vaccination survey responses. Counting do not know / refused
/ no answer responses as missing data, the overall missing data percentage of the socio-
economic data is 6.4% and this varies by country and socio-economic variable: SEX, AGE,
EMP, and EDU have well below 1% missing data, whereas REL and INC are higher at 11.4%
and 11.3% respectively. Of course, these missing data estimates are again likely to be tight
upper bounds, as they include do not know responses.

Given that individual data have low missing data fractions, a complete-case analysis is
opted for. Although complete-case analyses are often not preferred by statisticians as they
provide unbiased estimates only when the missing data are MCAR [171], it can be reasonably
expected that the missing data are MCAR as income and religion non-responses are likely
independent of a respondent’s income, religious affiliation, or of other variables present. (It
is noted that adjacent analyses in Chapter 4, in which religion and income are discarded –
and thus the missing data fraction is much lower – the associations of the other explanatory
data with vaccination beliefs are in good agreement with the analyses in this chapter.)
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Country-level data has 3% missing data. As full country-level data are required for the
hierarchical model, a KNN procedure is opted for (as described in Appendix A.1.3). Following
imputation, country-level data are z-scored to more easily compare data on different scales.

3.3 Hierarchical models

3.3.1 Hierarchical modelling of vaccination attitude data

Hierarchical (also known as multilevel) generalised linear models (HGLMs) extend regression
methods when data falls into natural hierarchies. Multiple model assumptions are prone to
be violated when regression methods are applied to data with hierarchical structure, thus in-
validating model inferences. The most obvious model violation is that of independence, as the
likelihood of many regression models (such as generalised linear models) invokes observational
independence: L(✓|y) =

Q
i P (yi|✓) for observations yi and parameters ✓. For hierarchical

data, within-group observations are more likely to be similar to those in the same group than
in others; without taking this dependency into account, the independence assumption is at
risk, and this can lead to a cascade of failures for other model assumptions [221].

To highlight the issues caused when models do not account for hierarchical structures,
consider applying a classical linear regression model to the hierarchical data (black circles)
in Figure 3.1. In the absence of a hierarchical formalism, there are two typical ways of
analysing these data: pooling data together with or without the higher-level labels (disag-
gregated analysis), or summarising within-cluster data at the top-level (aggregated analysis).
In the disaggregated analysis in which the group label is kept (faint red lines, Figure 3.1 A),
group-level variation cannot be modelled and the disaggregated data within each group is
prone to being overfit by the model [222]. In the latter disaggregated case, in which a linear
regression model is applied to completely disaggregated data (thick red line Figure 3.1 A),
the assumption of independence of observations (and thus also independence of residuals, in
this case) and residual normality are violated, and homoscedasticity of residuals would not
be guaranteed either. Importantly, this disaggregated fit would lead to a false conclusion of
negative relationship between response and explanatory data: this is an example of Simpson’s
paradox [223] which a hierarchical treatment can protect against. In an aggregated analysis –
which summarises group-level data with, for example, the mean (filled red points, Figure 3.1
B) – the correct global trend is observed (that is, that groups with lower mean explanatory
variable have higher mean response), however variance at the within-cluster level has not
been accounted for, and caution must be exercised to not commit an ecological fallacy in the
interpretation of results (that is, to suggest the group-level trend applies at the individual
level). Hierarchical modelling eliminates these issues (and can provide superior predictive
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A    B

Figure 3.1: Linear model violations and logical traps in non-hierarchical modelling
approaches to hierarchical data A disaggregated analysis (A) can lead to gross violations
of linear model assumptions, in particular independence of observations. The linear fit (red
thick line) can lead to flawed inferences suggesting a negative relationship when the true
relationships within each cluster is positive (faint red lines). An aggregated analysis (B) will
lead to a correct group-level trend, but a large loss of information and care needs to be taken
not to suggest this trend at the individual-level.

performance when compared to classical regression methods [222]) by partially pooling infor-
mation from both hierarchical levels. Hierarchical models are now introduced in the context
of the GLOBAL-67 survey data introduced in Section 3.2.1. (Snijders and Bosker provide a
discussion of model violations in non-hierarchical and hierarchical models in [221].)

Hierarchical logistic model for GLOBAL-67 data
The five-point Likert vaccination survey data are dichotomised into agree (tend to agree or
strongly agree) versus non-agree (do not know, tend to disagree, or strongly disagree) responses.
Vaccination attitude response data are therefore modelled as the random variable Yij 2 {0, 1}

for individual i in country j = 1, . . . , J , where 1 is a response in agreement. The discrete
individual-level socio-economic data are specified as ‘one-hot’ matrices: for a variable p with
Lp levels the one-hot matrix X has xlij = 1 if individual i in country j is in level l = 2, . . . , Lp

and xlij = 0 otherwise. A baseline level for each variable (l = 1) is selected and removed
from the one-hot matrix to prevent collinearity; instead, an intercept term (a vector of
ones) is included to model the baseline category. Thus model coefficients are interpreted
relative to the baseline group. The number of random-effect parameters is then given by
nX = 1 +

P
p(Lp � 1). Country-level data are specified through vectors Zj, where Zqj is the

value for country-level variable q for country j (there are nZ country-level variables including
an intercept term).
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An individual’s vaccination attitude response is related to their socio-economic data via
the hierarchical model,

logit
�
P (Yij = 1|�)

�
= �0j + �SEX,j · xSEX,ij + �AGE,ij · xAGE,ij + �EDU,j · xEDU,ij

+ �INC,j · xINC,ij + �EMP,j · xEMP,ij + �REL,j · xREL,ij, (3.1)

where the intercept, �0j, captures country-level variability in the baseline group, the pa-
rameters �[·]j 2 RLp⇥1 model variability in gradients between countries, the vectors xij are
indicator vectors of length L � 1 from the one-hot matrices X, and where the logit trans-
form is used to relate the dichotomous variable Yij to explanatory data.2 The appropriate
probability distribution over dichotomised response data is the Bernoulli distribution,

P (Yij|�,�,⌃) ⇠ Bern
�
P (Yij = 1|�,�,⌃)

�
. (3.2)

Variance in the intercept and gradient parameters is through a regression of random-effect
parameters against country-level data,

�j|Zj,�,⌃ ⇠ N (�Zj,⌃), (3.3)

where �j = (�0j,�SEX,j,�AGE,j,�EDU,j,�INC,j,�EMP,j,�REL,j)T, � 2 RnX⇥nZ is a matrix of
fixed-effect parameters, and ⌃ = diag(�2

1, . . . , �
2
nX

) is the covariance matrix. The fixed-effect
parameters represent global ‘averages’ about which variance is captured through the random-
effect terms.

The form of Equation (3.3) dictates how country-level variables are used to explain the
random-effects. In the form presented, country level data are used to explain variance in
both the intercept and the gradients: this is known as the intercepts-and-slopes-as-outcomes

model [224] and allows cross-level interactions so that different country-level variables can
have different effects in different countries.

A simpler form of Equation (3.3) uses country-level variables to explain unaccounted
variance in the intercepts �0j,

�0j = �00 + �01ZHEX,j + �02ZBIR,j + �03ZGDP,j + �04ZU5M,j

+ �05ZSAN,j + �06ZWAT,j + �07ZSCH,j + ⌫0j,

�pj = �p0 + ⌫pj, (3.4)

where ⌫pj ⇠ N (0, �2
p) for p = 1, . . . , nX . This form is known as the intercepts-as-outcomes

2The logit function is defined as logit(x) = log
�

x
1�x

�
.
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model [224] as variability in the intercepts (the baseline groups) are explained using country-
level data (but variability in the slopes is not).

3.3.2 Modelling assumptions

Hierarchical models involve a number of key assumptions which are catalogued here in the
context of the hierarchical logistic regression model given by Equations (3.1) and (3.4).

Hierarchical regression addresses the issue of observation non-independence in data with a
hierarchical structure. Independence of individual-level vaccine survey data in GALLUP-67 is
guaranteed through the data collection process, which deploys representative random surveys
within each country [225].

In the hierarchical treatment of data, classical regression model assumptions apply within
each hierarchy. For linear regression, these model assumptions are: residual normality, resid-
ual homoscedasticity, and residual uncorrelatedness [226]. These assumptions, though need-
ing verification for the (linear) random-effects model in Equation (3.3), do not apply within
the logistic regression model in Equation (3.1). For the random-effects model, residual nor-
mality can be verified through a QQ-plot, and a plot of residuals against predicted value can
verify the assumptions of homoscedasticity and uncorrelatedness of residuals [227].

For regressions at both hierarchies, a further two assumptions are required. Firstly, no
predictor variable can perfectly predict the response variable (when this occurs perfect sepa-

ration is said to occur) and, secondly, there can be no multicollinearity between explanatory
variables. Perfect separation is easily verified through examination of the data, whilst mul-
ticollinearity can be detected using the condition number of the matrix of explanatory data.
The condition number of a matrix A quantifies how sensitive the linear equation y = Ax is
to small changes in x and is defined as,

cond(A) =
maxx 6=0

�
||Ax||/||x||

�

minx 6=0

�
||Ax||/||x||

� , (3.5)

where || · || denotes the a vector norm (typically the Euclidean norm) [228]. The condition
number thus quantifies the relative amount of stretching to shrinking of a non-zero vector by
the matrix A. If A is ill-conditioned (for example through multicollinearity) then this will
induce a large condition number. When the condition number is above 30 there is likely to
be some strong multicollinearity within the data [229].
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3.4 Results

Global and regional trends in attitudes to vaccinations are now explored by investigating in-
dividual response data across vaccination survey questions, country, and world region. This
is followed by the implementation of the hierarchical logistic regression model introduced
in Section 3.4.2 to explore the individual- and country-level determinants of attitudes. We
implement the intercept-as-outcomes model to obtain a simple picture of the country-level
factors which affect baseline variation in attitudes across countries. The logistic hierarchical
regression model is implemented using the R package lme4 [230]. Fixed-effect parameters in
the hierarchical model are reported as odds ratios. Odds ratios are defined slightly differ-
ently depending on whether the explanatory variable is discrete or continuous. For discrete
explanatory variables (such as the individual-level survey responses), the odds ratio is given
by,

OR(�p) =
P (Yij = 1|xpij = 1, Xp̄ij)/P (Yij = 0|xpij = 1, Xp̄ij)

P (Yij = 1|xpij = 0, Xp̄ij)/P (Yij = 0|xpij = 0, Xp̄ij)

= exp(�p),

where Xp̄ij are explanatory data for every variable except p, and where P (·) is the hierarchical
model defined by Equation (3.3). For discrete data (individual-level data), the odds ratio is
interpreted as the increase in odds of positive vaccination view for variable p relative to the
odds of the baseline group. For continuous variables (such as the country-level predictors),
the odds ratio is still given by OR(�p) = exp(�p),

OR(�p) =
P (Yij = 1|xpij = x+ 1, Xp̄ij)/P (Yij = 0|xpij = x+ 1, Xp̄ij)

P (Yij = 1|xpij = x,Xp̄ij)/P (Yij = 0|xpij = x,Xp̄ij)

= exp(�p).

However, the interpretation for a continuous variable is slightly different: an odds ratio
greater (less) than one means the probability of the outcome variable increases (decreases)
with a unit increase in explanatory variable (holding all other parameters constant). The
model assumptions outlined in Section 3.3.2 are verified for these models in Appendix B.1.

3.4.1 Global and regional trends in attitudes

An overall summary of vaccination survey response data stratified by world region is shown
in Figure 3.2. As in Chapter 2, these regions are as defined by WHO.3 Within each vaccine

3For reference, these are the African (AFR), Americas (AMR), European (EUR), Eastern Mediterranean
(EMR), South East Asian (SEAR), and the Western Pacific (WPR) regions.
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survey question variability in vaccine sentiment across countries and WHO regions is inves-
tigated by considering the fraction of respondents who either agree or disagree with the four
statements on vaccinations. Countries are ranked by the percentage of negative responses
(responding either strongly disagree or tend to disagree): these results are shown in Figure 3.2
(red denotes a negative response; blue positive; and the vertical grey bar shows the region’s
mean-averaged negative sentiment for a relative comparison).

Overall differences in responses between the six WHO regions are shown in Figure 3.3 A
and vaccine safety scepticism is mapped in Figure 3.3 B. (In this exploratory analysis, do not
know / no response responses are omitted to more clearly show the level of vaccine trust and
scepticism. This requires a renormalisation after removal of this category. Survey weights
provided by WINGIA are utilised to appropriately account for over- or under-represented
individuals within a population.)

Regional trends
EUR reports the highest mean-averaged negative responses for vaccine importance, safety,
and effectiveness (8.0%, 17.0%, and 11.3%, respectively) and seven of the ten most negatively-
reporting countries to vaccine safety are in EUR (France, Bosnia & Herzegovina, Russia,
Ukraine, Greece, Armenia, and Slovenia) (Figures 3.2 and 3.3 A). t-tests4 between regional
means reveal that EUR has significantly more importance- and safety-related scepticism than
AFR, AMR, EMR, and SEAR, and that WPR has more safety-related scepticism than SEAR.
SEAR and WPR report the most religious incompatibility (25.7% and 24.3% respectively)
each of which is significantly more than the other four regions. (All results stated above for
pairwise t-tests are significant at p < 0.05.)

Worldwide vaccine-scepticism is mapped in Figure 3.3 C. With exceptions of France and
Italy – which have notably high levels of safety-scepticism – southern and eastern European
countries express more safety concerns than northern and western European countries. The
USA, Mexico, and Canada have higher levels of safety concerns than south American coun-
tries which have relatively strong vaccine safety confidence. WPR has high levels of vaccine
safety concerns, notably in Japan, Mongolia, Vietnam, and Hong Kong.

Although vaccine safety and importance are concerns in EUR, there is relatively little
reported religious incompatibility with vaccinations: in WPR and SEAR, however, substan-
tial concerns are expressed about religious compatibility in a number of countries including
China in WPR and India in SEAR: two countries with approximately a third of the world’s

4A t-test in this context examines whether the difference between two means is statistically different from
zero. The test statistic is given by T = µ̄1�µ̄2

s̄ , where µ̄1/2 are estimates of the mean distribution and are
assumed to be normally distributed, and s̄ is an estimate of the standard error of the sampling distribution
and is assumed to be chi-square distributed. Then T is t-distributed with n1 + n2 � 2 degrees of freedom
under the null hypothesis [190], where n1/2 are the number of data points in estimating µ̄1/2.
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Figure 3.2: Ranking by overall level of vaccine scepticism and stratifying by world
region reveals high levels of vaccine safety concerns in many European countries
and religious incompatibility concerns in the South East Asian and Western Pa-
cific regions Weighted responses to survey questions by country and WHO region across
the four survey statements ranked by overall negative sentiment (strongly disagree or tend to
disagree). EUR performs poorly for vaccine importance, safety, and effectiveness-related con-
cerns. SEAR and WPR have the highest levels of religious incompatibility-based scepticism.
Black vertical lines show the mean-averaged negative response rate in each region.
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Figure 3.3: Variation in attitudes to vaccine safety shows spatial contiguity and
differences between importance and safety responses reveals higher belief in the
importance of vaccinations than in their safety (A) Summary of Likert responses by
world region. (B) Pearson correlations between percentage of respondents across all countries
agreeing (strongly agree or tend to agree) with each statement. (Pearson correlations are given
by Equation (2.12) but for unranked data.) (C) World map of percentage negative (tend to
disagree or strongly agree) survey responses to the statement overall I think vaccines are safe.
(D) Differences in the proportion of survey respondents within each country reporting that
vaccines are important and that vaccines are safe (with 95% confidence intervals).
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population.

Country-specific trends
The lowest levels of vaccine importance-related scepticism were reported in Bangladesh
(0.3%), Ecuador (0.4%), and Iran (0.5%) whilst respondents from Italy (15.4%), Azerbai-
jan (15.7%), and Russia (17.1%) report the highest (global average: 5.8%). The lowest levels
of vaccine safety scepticism were reported in Bangladesh (0.2%), Saudi Arabia (1.2%), and
Argentina (1.3%), whilst respondents from Japan (31.0%), Bosnia & Herzegovina (38.3%),
and France (45.2%) have the highest (global average: 13.0%). With regards to vaccine effec-

tiveness-scepticism, the least sceptic countries were Argentina (1.3%), Ethiopia (2.1%), and
Ecuador (2.2%), whilst Italy (18.7%), Russia (20.1%), and Bosnia & Herzegovina (27.3%)
had the highest levels of scepticism. Religious compatibility issues were of least concern in
Saudi Arabia (2.3%), Finland (2.6%), and Brazil (3.2%) and of most concern in Vietnam
(31.8%), Thailand (44.4%), and Mongolia (50.5%).

Trends between vaccine responses
Taking Pearson5 correlations between the fractions of negative responses across countries for
each question reveals strong correlations among vaccine importance, safety, and effectiveness
than with religious compatibility (Figure 3.3 B; also see latent variable treatment of these
data in Chapter 4).

A striking observation is the difference in the number of respondents reporting positively
to vaccine importance relative to vaccine safety; a trend which is significant for almost all of
the countries surveyed (Figure 3.3 D). The reported difference between vaccine importance
and safety suggests that intent to vaccinate could be buffered by the perceived importance
of vaccinations, implying that people are willing to take a risk against an apparent danger
to guard against disease. As suggested by the mutual correlation in responses to vaccine
importance and safety, individual responses between vaccine effectiveness and vaccine safety
are very similar, though we note a higher fraction of countries with no significant difference
and some countries with a higher fraction of respondents reporting that vaccines are safe
then effective (Nigeria, Ghana, Pakistan, Indonesia, and Bangladesh). See Appendix B.2 for
country-wide variability in the differences between individuals’ responses to vaccine safety
and effectiveness.

5Pearson correlations are Spearman correlations on unranked data – see Equation (2.12).
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3.4.2 Determinants of attitudes to vaccinations

The results of the hierarchical regression are shown in Table 3.1. Although significant vari-
ables are highlighted for p-values at the 0.10 level, only p-values lower than 0.05 are considered
in this analysis. Since multiple models are evaluated, consideration of corrections for multiple
comparisons is required [190]; however, due to interdependency of many explanatory vari-
ables, choice of correction is not straightforward. As this analysis is somewhat exploratory
in nature – since factors plausibly linked to vaccine attitudes are sought – rejecting the null
hypothesis of no association when there is no link is slightly less of a concern than vice
versa (that is type II errors6 are of a greater concern). Uncorrected p-values are therefore
provided with 95% confidence intervals. Credibility to the significance of factors associated
with attitudes is gained through the consistency of their link across the four models.

Individual-level trends
Sex: Males are less likely to report that vaccines are important than females (odds ratio [OR]
0.86 [0.80, 0.94] [95% confidence interval]), but there is no significant difference found be-
tween how the sexes report to vaccine safety, effectiveness, or compatibility with their religious
views. Age: The oldest age group (65+) is more likely to report that vaccines are effective
and religion-compatible than 18-24 year olds (OR 1.39 [1.11, 1.76] and OR 1.27 [1.05, 1.53]
respectively). Those aged 25-34 are less likely to believe vaccines are safe compared to 18-24
year olds (OR 0.88 [0.77, 1.00]). There are no significant differences in age groups relative to
the baseline group for vaccine importance. Education: Any amount of education appears to
elevate vaccination views to recognise the importance and effectiveness of vaccinations but,
importantly, not the safety of vaccinations. Those with high levels of education (undergrad-
uate, masters, or PhD degree) have fewer religious compatibility issues than those with low
levels of education. Income: Income has one of the strongest effects on vaccine responses:
all income groups above the first quintile (low income) hold stronger pro-vaccination beliefs
for the importance, safety, and effectiveness of vaccines; and those in the third and fourth
quintiles hold stronger views for religious compatibility. Work type: There are few associ-
ations with work type suggesting that work status has little impact on vaccination beliefs.
The only significant association found is that those unemployed are more likely to report
vaccine sceptic views for the safety and effectiveness of vaccinations (OR 0.77 [0.67,0.90] and
OR 0.79 [0.67, 0.92], respectively) than the baseline group. Religion: With the exception
of Hindu and Jewish respondents, every religious group (and atheists/agnostics), holds less
positive vaccination importance, effectiveness, and safety views than Roman Catholics. With
respect to religious incompatibilities of vaccines, other Christians and atheists/agnostics are

6A type II error is falsely accepting the null hypothesis [190]
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importance safety effectiveness rel. compatibility
individual-level
sex

female (baseline)
male 0.86 (0.80-0.94)⇤⇤⇤ 1.01 (0.94-1.09) 0.96 (0.89-1.03) 0.96 (0.90-1.02)

age
18-24 (baseline)
25-34 0.89 (0.77-1.04) 0.88 (0.77-1.00)⇤⇤ 0.97 (0.86-1.10) 0.94 (0.85-1.05)
35-44 0.99 (0.84-1.17) 0.95 (0.83-1.07) 1.02 (0.89-1.16) 1.06 (0.94-1.20)
45-54 0.99 (0.83-1.19) 0.97 (0.85-1.12) 1.16 (1.00-1.34)⇤ 1.05 (0.93-1.20)
55-64 0.99 (0.80-1.23) 0.98 (0.84-1.13) 1.07 (0.90-1.28) 1.14 (0.98-1.32)⇤
65+ 0.94 (0.69-1.27) 1.07 (0.88-1.31) 1.39 (1.11-1.76)⇤⇤⇤ 1.27 (1.05-1.53)⇤⇤

education
no education (baseline)
primary 1.46 (1.08-1.97)⇤⇤ 0.90 (0.71-1.15) 1.20 (0.99-1.46)⇤ 1.12 (0.94-1.35)
secondary 1.39 (1.05-1.83)⇤⇤ 0.95 (0.74-1.22) 1.31 (1.08-1.57)⇤⇤⇤ 1.19 (0.97-1.44)⇤
university 1.44 (1.09-1.92)⇤⇤ 0.98 (0.76-1.26) 1.39 (1.15-1.68)⇤⇤⇤ 1.35 (1.08-1.68)⇤⇤⇤
masters/PhD 1.33 (0.94-1.89) 0.98 (0.73-1.33) 1.33 (1.05-1.70)⇤⇤ 1.43 (1.12-1.83)⇤⇤⇤

income
first quintile (low) (baseline)
second quintile 1.19 (1.04-1.38)⇤⇤ 1.17 (1.04-1.31)⇤⇤⇤ 1.21 (1.07-1.36)⇤⇤⇤ 1.08 (0.98-1.20)
third quintile 1.36 (1.16-1.58)⇤⇤⇤ 1.25 (1.10-1.43)⇤⇤⇤ 1.31 (1.13-1.50)⇤⇤⇤ 1.16 (1.04-1.29)⇤⇤⇤
fourth quintile 1.53 (1.26-1.85)⇤⇤⇤ 1.32 (1.15-1.53)⇤⇤⇤ 1.43 (1.22-1.68)⇤⇤⇤ 1.19 (1.05-1.36)⇤⇤⇤
fifth quintile (high) 1.43 (1.21-1.70)⇤⇤⇤ 1.28 (1.10-1.48)⇤⇤⇤ 1.33 (1.14-1.55)⇤⇤⇤ 1.12 (0.96-1.30)

work type
housewife (baseline)
retired/disabled 1.13 (0.88-1.45) 0.96 (0.81-1.14) 0.91 (0.77-1.08) 1.00 (0.87-1.15)
student 0.99 (0.77-1.27) 0.96 (0.80-1.15) 1.04 (0.85-1.26) 1.00 (0.86-1.17)
unemployed 0.95 (0.77-1.17) 0.77 (0.67-0.90)⇤⇤⇤ 0.79 (0.67-0.92)⇤⇤⇤ 0.90 (0.78-1.05)
part-time 0.86 (0.70-1.07) 0.89 (0.75-1.06) 0.91 (0.77-1.07) 0.91 (0.78-1.06)
full-time 1.03 (0.86-1.25) 1.01 (0.88-1.16) 1.00 (0.88-1.15) 0.98 (0.87-1.11)

religion
Roman Catholic (baseline)
Protestant 0.57 (0.43-0.77)⇤⇤⇤ 0.72 (0.58-0.90)⇤⇤⇤ 0.83 (0.67-1.02)⇤ 1.04 (0.85-1.26)
Russian/Eastern-Orth 0.41 (0.30-0.57)⇤⇤⇤ 0.56 (0.46-0.70)⇤⇤⇤ 0.64 (0.51-0.82)⇤⇤⇤ 0.87 (0.71-1.07)
other Christian 0.52 (0.41-0.67)⇤⇤⇤ 0.74 (0.61-0.90)⇤⇤⇤ 0.72 (0.58-0.89)⇤⇤⇤ 0.81 (0.68-0.97)⇤⇤
Muslim 0.63 (0.43-0.91)⇤⇤ 0.72 (0.55-0.96)⇤⇤ 0.67 (0.51-0.89)⇤⇤⇤ 0.82 (0.62-1.08)
Jewish 1.48 (0.50-4.39) 0.64 (0.34-1.20) 2.43 (0.74-7.98) 0.97 (0.45-2.06)
Buddhist 0.30 (0.17-0.51)⇤⇤⇤ 0.48 (0.32-0.71)⇤⇤⇤ 0.55 (0.35-0.87)⇤⇤ 0.83 (0.55-1.26)
Hindu 0.55 (0.28-1.08)⇤ 1.40 (0.66-2.97) 0.69 (0.41-1.16) 1.07 (0.61-1.88)
other 0.29 (0.21-0.38)⇤⇤⇤ 0.45 (0.35-0.58)⇤⇤⇤ 0.44 (0.34-0.57)⇤⇤⇤ 0.47 (0.38-0.59)⇤⇤⇤
atheist/agnostic 0.49 (0.38-0.64)⇤⇤⇤ 0.73 (0.61-0.86)⇤⇤⇤ 0.75 (0.63-0.91)⇤⇤⇤ 0.45 (0.38-0.54)⇤⇤⇤

ine
country-level
HEX (% of GDP) 0.89 (0.74-1.08) 0.71 (0.60-0.85)⇤⇤⇤ 0.81 (0.70-0.93)⇤⇤⇤ 1.00 (0.87-1.14)
BIR (% of total) 0.66 (0.49-0.88)⇤⇤⇤ 0.55 (0.44-0.68)⇤⇤⇤ 0.75 (0.62-0.91)⇤⇤⇤ 0.79 (0.65-0.96)⇤⇤
GDP (US$ per capita) 1.56 (1.25-1.95)⇤⇤⇤ 1.67 (1.38-2.02)⇤⇤⇤ 1.68 (1.43-1.97)⇤⇤⇤ 0.99 (0.86-1.15)
U5M (per 1000 births) 0.76 (0.55-1.06) 0.93 (0.71-1.23) 0.94 (0.75-1.18) 1.16 (0.93-1.45)
SAN (% with access) 0.82 (0.58-1.17) 1.35 (1.00-1.82)⇤⇤ 1.21 (0.96-1.54) 1.29 (1.01-1.65)⇤⇤
WAT (% with access) 1.31 (0.99-1.75)⇤ 1.23 (0.98-1.54)⇤ 0.94 (0.78-1.14) 1.05 (0.88-1.26)
SCH (years) 0.56 (0.43-0.72)⇤⇤⇤ 0.75 (0.60-0.93)⇤⇤⇤ 0.63 (0.52-0.75)⇤⇤⇤ 0.80 (0.66-0.97)⇤⇤

⇤p<0.1; ⇤⇤p<0.05; ⇤⇤⇤p<0.01

Table 3.1: Odds ratios and 95% confidence intervals for the fixed-effect parameters
in the intercepts-as-outcomes hierarchical logistic regression model. Responses to
vaccination survey data are dichotomised so that odds ratios (OR) greater (less) than one
represent a positive (negative) association between explanatory data and each vaccination
attitude question. Individual’s income level is strongly associated with all four statements,
with second to fifth income quintiles holding more positive vaccine views than the first quin-
tile. Any level of education appears to elevate pro-importance, effectiveness, and religious
compatibility views but notably education levels have no bearing on whether an individual
replies more positively to vaccine safety.
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more likely to have issues (though it is unclear – due to the phrasing of this question assum-
ing the respondent holds religious beliefs – whether sensible inferences can be made about
agnostics/atheists).

Country-level trends
Country-level variables are used to explain variation in the baseline group parameter �0j.
Countries with higher levels of births attended by skilled health staff (BIR) and mean years
of schooling (SCH) have baseline groups with more positive responses than those with lower
levels of health assistance at birth or lower levels of schooling (OR 0.66 [0.49, 0.88] and OR
0.56 [0.43, 0.72] respectively). Countries with higher levels of GDP per capita have higher
values of �0j than countries with lower levels of GDP per capita (OR 1.56 [1.25, 1.95]).

Similar results hold for vaccine safety and effectiveness. BIR: OR 0.71 [0.60, 0.85] and OR
0.81 [0.70, 0.93]; SCH: OR 0.75 [0.60, 0.93] and OR 0.63 [0.52, 0.75]; GDP: OR 1.67 [1.38, 2.02]
and OR 1.68 [1.43, 1.97] (all respectively). In addition, higher levels of health expenditure
are also associated with more negative baseline beliefs for importance and effectiveness (OR
0.71 [0.60, 0.85] and OR 0.81 [0.70, 0.93], respectively).

With regard to religious compatibility, countries with higher levels of BIR and SCH have
individuals with more sceptic vaccination beliefs (0.79 [0.65, 0.96] and 0.80 [0.66, 0.97], respec-
tively), whilst countries with a higher percentage of access to improved sanitation facilities
are more likely to have fewer religious compatibility issues (1.29 [1.01, 1.65]).

3.5 Discussion

In this chapter worldwide attitudes to vaccinations are explored by probing individuals’ views
on the importance of childhood vaccines, the safety and effectiveness of vaccines, and the
compatibility of vaccines with religious beliefs. Attitudes on these four measurement items
are mapped and regional variability is explored. A large majority of respondents report that
vaccines are important, safe, effective, and compatible with religious beliefs; however, there
are notable concerns too. Interestingly, individuals in almost every country are more likely to
report that vaccines are important than they are safe. This perception of relative importance
to safety may mitigate losses in vaccination uptake. If this difference lessens over time, it
could suggest an increase in vaccine complacency (as defined by SAGE’s ‘3Cs’ definition in
Section 1.2.1) and could lead to further vaccine refusals.

Sentiment towards the safety of vaccines is most negative in the European and Western
Pacific regions, wherein nine of the ten most vaccine-safety-sceptic countries are situated
(France (67), Bosnia & Herzegovina (66), Russia (64), Ukraine (62), Greece (61), Armenia
(60), Slovenia (58), Japan (65), and Mongolia (63)). (Numbers here, and below, represent a
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rank out of 67 countries.) In contrast to EUR and WPR, individuals surveyed in the South
East Asia region, including Bangladesh (1), Indonesia (6), Thailand (12), largely perceive
vaccinations to be safe. Respondents in India (29), Pakistan (19), and Nigeria (18) also
have higher confidence in safety than the global average. The contrast between these coun-
tries is particularly noteworthy given the high degree of scepticism in regions with advanced
healthcare systems where vaccinations are readily available (notably most European coun-
tries, North America, and Japan) and higher safety-confidence in areas which lack universal
access to healthcare facilities (Bangladesh, Nigeria, Pakistan, and India). Sentiment towards
the effectiveness of vaccines is again lowest in the European and Western Pacific regions.
This suggests that vaccine confidence hesitancy could be lowest in EUR and WPR.

Many countries are found to have strong faith-based vaccination issues. High proportions
of individuals with religions objections are found in WPR and SEAR: with Mongolia (67),
Vietnam (65), China (63), Thailand (66), Bangladesh (60), and India (52) all expressing high
levels of religious incompatibility. In countries where polio rejection has been related to reli-
gious leaders, religious incompatibility is moderate: Nigeria (19), Pakistan (17), Afghanistan
(18). Of the individuals who reported to be Muslim in these countries, 12%, 14%, and 3% (re-
spectively), had religious objections themselves, highlighting the complex contextual nature
of hesitancy in these countries.

Overall global trends in socio-economic correlates of vaccine attitudes reveal that countries
with higher levels of births attended by skilled health staff (BIR) and mean years of schooling
(SCH) have lower baseline levels of pro-vaccine sentiment across all four survey questions.
Countries with higher levels of gross domestic product (GDP) tend to have higher baseline
confidence. At the individual level the global trend is for those with with some level of
education to hold more positive views on vaccine importance, effectiveness, and religious
compatibility, though not on safety. Globally, individuals with high levels of income are
associated with more positive beliefs across all four survey questions.

In Section 1.3.1, safety concerns were highlighted for a number of countries. According our
findings, Russia is the 4th most safety-sceptic country in the world; yet, vaccine coverage of
childhood vaccinations BCG, MCV, DTP3, and POL3 in Russia are high (in excess of 96% for
the past decade [27]). Similarly, Japan – with a history of vaccine scepticism [110] – is the 3rd

most safety-sceptic country in the world. Interestingly, despite Russia and Japan’s low safety
rankings, both countries have a higher fraction of individuals reporting more positively to
the importance of vaccines. This strongly suggests that the perceived importance of vaccines
is acting to maintain high coverage rates. Despite historic concerns with the MMR vaccine,
the UK is the 29th most safety-confident country from the countries surveys and Pakistan
and Nigeria (with strong polio concerns) both rank higher than the UK.
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We also find that France is the most sceptic country towards the safety of vaccines. This
high percentage of negative sentiment around safety-based vaccine scepticism reported in
France is likely due to multiple recent vaccine controversies in the past decade [231, 232].
Italy also has low confidence in the safety of vaccines: the MMR vaccine has been a concern
in Italy and sentiment has possibly been weakened by a court’s ruling in 2014 that the MMR
vaccine had caused autism in their child (although this was overturned in 2015 by a higher
court) [233,234].

The results presented in this chapter highlight the importance of routinely-collected na-
tional and sub-national vaccine attitude surveys. For example, although the origins of the
MMR scandal and polio boycotts are quite different (as are the healthcare provisions within
each country), underlying both is a population with latent distrust and a susceptibility to
misinformation. Currently, Nigeria, India, and Pakistan have smaller amounts of vaccine-
safety confidence than the USA, UK, and Japan, despite undergoing similarly high-profile
vaccine-scepticism-inducing events in the past two decades [20, 22, 57, 110, 127, 235]. This
suggests that relatively short time-scales are involved with opinion dynamics and emphasises
the need to monitor attitude levels to understand the dynamics, time-scales, and determi-
nants at play. Higher frequency hesitancy survey data can enable us to investigate the causal
link between an individual’s socio-economic attributes, their social-network ties, and their
ability to be influenced by media and their social network. This would allow identification
of sceptic clusters (in spatial and socio-economic dimensions) and an understanding of how
vaccine sentiment spreads. Of particular importance in this regard is understanding when
and where clusters of non-vaccinated individuals form, as clusters of non-vaccinated individ-
uals can act to drastically lower herd immunity levels, even if coverage rates averaged over
whole population are above levels thought sufficient for herd immunity [236]. Such cluster-
ing of non-vaccinated individuals has been recently established in a number of East African
countries [237]; and has been recognised by the US Centers for Disease Control as an im-
portant phenomenon to address [238]. As access to vaccinations becomes improved across
many of these areas, focus will shift into how clusters of non-vaccinated individuals may form
through negative vaccine-sentiment spreading on social networks. Understanding this link
between attitudes and coverage uptake is crucial if we are to predict future coverage levels
and understand how, in the case of Russia (for example), relatively high negative sentiment
can still provide robust immunisation coverage.

There are a number of limitations in this study. Survey questions do not provide infor-
mation on an individual’s view of specific vaccines or an individual’s vaccination history or
intent to vaccinate. Of course, a further limitation is this inability to track temporal changes
to attitude: in Chapter 5, we suggest a method to infer hesitancy through an approach which
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circumvents the need for attitude survey data altogether, thus providing a platform for the
analyses proposed above.

In the next chapter, the GLOBAL-67 data are augmented with more recently-collected
data from the Sahel region for a wider global analysis. In this analysis, the focus is switched
from these four dimensions of vaccine attitude into obtaining a single quantitative measure
of vaccine hesitancy.
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4 | Deriving a quantitative index of vac-
cine hesitancy: mapping regional trends
and establishing determinants both
worldwide and in the Sahel

Reluctant bunch beginning to

hesitate (4)

— Arachne, Guardian
crossword No. 27,150

4.1 Introduction

According to SAGE’s ‘3Cs’ model, vaccine hesitancy is a combination of vaccine confidence,
complacency, and convenience ( [58] and see Section 1.2.1). In order to understand the math-
ematical characteristics and properties of vaccine hesitancy, we require a suitable quantitative
measure.

In this chapter, we propose modelling vaccine hesitancy as a latent variable derived from
the four dimensions of attitudes to vaccines introduced in Section 3.2.1: vaccine importance,
safety, effectiveness, and religious compatibility. This approach is reconcilable with the ‘3Cs’
definition of vaccine hesitancy as the safety and effectiveness of vaccines contribute to vaccine
confidence, whilst the perceived importance of vaccines may be closely related to complacency,
as those who perceive vaccines as less important might be more complacent in positive vaccine
health-seeking behaviours. Religious compatibility is harder to place; however, it likely spans
a combination of confidence, convenience, or complacency [58].

A latent variable inference method called item response theory [239] is used to derive the
summary measure of vaccine hesitancy. For each person, this mathematical tool projects
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the four dimensions of vaccine hesitancy onto a single latent value which we deem to be
vaccine hesitancy. This projection implicitly weights the relative contributions from each
vaccine attitude dimension allowing us to investigate how these four questions on attitudes
to vaccines contribute to vaccine hesitancy. This method can be readily extended to include
additional survey questions that might provide a more rigorous understanding of hesitancy.

We term this quantitative measure of individual vaccine hesitancy the vaccine hesitancy
index, which we believe to be the first such measure of vaccine hesitancy. This index
permits a regional and national assessment of vaccine hesitancy (through summary statistics
of individuals’ indices); allows variation in hesitancy to be explained through socio-economic
factors; and – when future survey data becomes available – will also permit a mathematical
treatment of the spatio-temporal dynamics of hesitancy, including hesitancy forecasts and
the modulating role of the media.

We perform this analysis on an augmented dataset: we combine the GLOBAL-67 dataset
introduced in Section 3.2.1 with vaccine attitude data collected a year later in 2016. This
newer survey probes the same dimensions of vaccine attitude in the Sahel region in Africa
(we label this dataset SAHEL-6). A major focus of this chapter is therefore the Sahel region,
and – due to recent concerns over vaccinations here – Nigeria [44, 47, 240]. An enhanced set
of socio-economic data available in Nigeria allows an investigation of the effect of religious
upbringing, ethnicity, and wealth on hesitancy.

We begin this chapter with with an overview of the SAHEL-6 dataset and a description of
how it is combined with GLOBAL-67 (Section 4.2). An introduction to item response theory
and its hierarchical generalisations are then presented in Section 4.3. Parameter estimation
and model fit assessment of item response models are discussed in Section 4.4.4. In Section 4.5
findings are presented for hesitancy inference and the socio-economic correlates of hesitancy.
A full interpretation and discussion of findings is given in Section 4.6. In this final section, we
outline further research directions and, in particular, we propose a novel method for hesitancy
inference in the absence of vaccination attitude survey data. This proposed analysis method
could have profound consequences, as it would allow the historic inference of vaccine hesitancy
using publicly-available non-survey datasets, and would thus allow historic dynamics to be
quantified and forecasted: this is fully discussed in Chapter 5.

4.2 Data

4.2.1 SAHEL-6

In 2016, WINGIA, in association with the LSHTM, extended the GLOBAL-67 survey by
interviewing survey respondents in the Sahel region in west Africa. (The Sahel comprises
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Burkina Faso, Mali, Mauritania, Niger, Nigeria, and Senegal and we denote this Sahel dataset
SAHEL-6.) Although the four Likert dimensions measured on attitudes to vaccines remain
the same, there are three differences between the two surveys: 1) income and religion data
are not collected in SAHEL-6; 2) age groups are coded differently (18-24, 25-34, 35-44, 45-54,
55-64, 65+ in GLOBAL-67 versus 18-19, 20-29, 30-39, 40-49, 50-59, 60-64, 65+ in SAHEL-6);
and 3) the survey wording for the vaccination responses tend to agree and tend to disagree in
GLOBAL-67 is changed to somewhat agree and somewhat disagree in SAHEL-6.

As we wish to ‘match’ these datasets to perform analyses on combined data, these issues
need to be resolved. This first issue is resolved by simply removing income and religion from
the GLOBAL-67 dataset; the second by reclassifying ages into three groups, 18-45, 45-64, and
65+ (with 40-49 year olds in SAHEL-6 grouped into 18-45; this classification acts to minimise
the classification error and decrease the number of groups to seek broad association between
age and vaccine attitude); and the third by assuming that respondents who replied with
somewhat dis/agree would have replied tend to dis/agree in the original survey. (We also note
that we rename primary, secondary, and post-graduate education in Section 3.2.1 to low,
medium, and high education, respectively.)

As data for Nigeria is collected in both surveys, it is assumed that any temporal differences
between the data are small in comparison to the overall patterns in the full data and that
global trends obtained will not be adversely impacted.

A total of 13,266 respondents are surveyed across the Sahel countries (Burkina Faso:
1,907; Mali: 1,856; Mauritania: 1,130; Niger: 1,957; Nigeria: 4,032; Senegal: 2,348) using
the same procedure as outlined in Section 3.2.1. There are no missing data entries for sex
and age and the missing data fractions for education and employment are very small (0.09%
and 0.2%, respectively). Do not know / no response replies to vaccination survey questions
are also small at 0.8%, 2.3%, 1.6%, and 3.3% for the importance, safety, effectiveness, and
religious compatibility of vaccines, respectively.

4.2.2 SAHEL-NIGERIA

A focus of this chapter is a national and regional analysis of Nigeria. In addition to the
variables previously described, the SAHEL-6 survey data contains further variables likely
linked to hesitancy that are not featured in the GLOBAL-67 data. In Nigeria – in which 4,032
respondents were surveyed across 37 states – the following variables are available (variable
recodes are given in parentheses and the baseline groups are underlined):

1. Ethnic group: Fulani/Peulh/Haalpulaar, Ibibio (other), Idoma (other), Igbo, Hausa,
Kanuri/Beri Beri (other), Yoruba, other (ETH)
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2. Religious schooling: Yes, no (REL)

3. Household economic situation: Unable to meet basic needs without charity (low), able
to meet basic needs (med), able to meet basic needs with some non-essential goods
(med), able to purchase most non-essential goods (high), plenty of disposable money
(high) (EC)

4. Change in economic situation: Worsened, stayed the same, improved (DEC)

5. Perceived local economic situation: Much lower (lower), a little lower (lower), about
average (the same), a little higher (higher), much higher (higher) (PEC).

Some factors have been recoded: for example, ethnicities with low counts are recoded to other.
There are approximately 100 individuals sampled within each Nigerian state (a maximum
count of 130 in Benue, a minimum of 100 in Ebonyi, and a median of 106).

4.3 Item response theory

The raison d’être of latent variable models is to relate observed (or manifest) data to un-
observed, hidden, or latent variables. Latent variable models allow for data correlation and
dependency structures to be better understood in terms of unobserved variables. Latent
variable models are prevalent in the scientific literature, with methods such as principal
components analysis and hidden Markov models commonly deployed to explore and explain
unobserved patterns and dynamics in data [241–243].

Initially developed for the purposes of characterising the statistical properties of exam-
inations and examinees [244], item response theory (IRT) has since developed into a more
general framework to relate individuals’ multivariate data to descriptive latent attributes.
Item response theory infers an individual’s (or, more generally, an observation’s) position
along a continuous latent scale: in the context of examination testing, for example, this
would place an individual along an ability (or intelligence) scale based on their responses to
a number of items (examination questions) [245].

F.M. Lord set out the main practical benefits of IRT in 1980 in the context of educational
testing [245]. We restate these benefits in a completely generalised setting as: a framework

for estimating item-specific parameters to describe the variation in probability of individual

response data [for example examination question responses] as a function of an individual’s

latent ability or latent hesitancy. IRT therefore provides a means to perform simultaneous
inference on the characteristics of each item (for example how difficult examination questions
are) and how they relate to the latent dimension (for example student ability). In the con-
text of examination testing, IRT allows standardised examinations to be designed, students’
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abilities to be inferred, and new examination questions to be designed based on their char-
acteristics [245, 246]. IRT offers advantages over ability inference through a sum of correct
responses to examination questions (for example), as students may be awarded unduly high
scores through guessing or through other sources of noise. IRT, however addresses these
effects by awarding more weight to harder questions that smaller proportions of the sample
answer correctly (indeed, some IRT models include a guessing parameter to further account
for this variability [246,247]).

We propose utilising item response theory in the context of vaccination survey response
data to infer an individual’s vaccine hesitancy (analogous to student’s ability in an exami-
nation context) and to examine how the probability agreement with the vaccination survey
questions varies with vaccine hesitancy. These goals are best illustrated through examples.
(Unless otherwise explicitly stated, we henceforth switch notation and terminology to talk
about IRT models in the context of an individual’s responses to vaccination survey data
(items) and vaccine hesitancy (the latent variable).)

4.3.1 One- and two-parameter IRT models

The central tenet of IRT is that responses to items can be linked to a latent variable through
a probabilistic link function. The simplest of the item response models is arguably the one-
parameter Rasch model [248] which neatly illustrates many of the features of item response
theory outlined above. Consider M vaccination survey questions to which individual i pro-
vides a response Yim 2 {0, 1}, where 0 corresponds to a negative response and 1 a positive
response. (In our case M = 4 for questions on vaccine importance, safety, effectiveness, and
religious compatibility.) The probability of a positive response to vaccination question m is
related to vaccine hesitancy through an item response curve (IRC),

P (Yim = 1|⌘i, bm) =
1

1 + exp(�(⌘i � bm))
,

where ⌘i is an individual’s vaccine hesitancy (the latent variable), and bm are item-specific
parameters called difficulty parameters. Difficulty parameters are so-called because they
represent a horizontal shift in IRCs and thus, in an educational setting, tell us how difficult
an examination item is. In the vaccine hesitancy setting, they provide information on which
survey questions illicit most sceptic responses. Item response curves for the one-parameter
model are shown in Figure 4.1 (left-hand plot).

The one-parameter Rasch model is limited to basic modelling scenarios; in particular, it
is unable to model items with varying rates of change with the latent variable. A natural
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generalisation of the one-parameter Rasch model is the two-parameter logistic model,

P (Yim = 1|⌘i, am, bm) =
1

1 + exp
�
� am(⌘i � bm)

� , (4.1)

where the parameter am has been included, allowing IRCs with increased modelling complex-
ity (as gradients can now differ). The am parameters are known as discrimination parameters,
as IRCs (in an examination context) with steeper slopes are are better able to discriminate
between low and high ability levels. In the design of examinations or surveys, items that
are unable to discriminate between individuals (that is, am ⇡ 0) may be removed, as they
provide no information about a student’s ability. As a side note, we suggest that – if this
methodology is adapted for a quantitative index for vaccine hesitancy by others – survey
questions for which am ⇡ 0 should be dropped from future surveys. Such questions are not
informative of vaccine hesitancy and deployment of other questions may yield more profitable
information on the determinants of hesitancy: this becomes important when, for example,
budgetary requirements place a restriction on the number survey questions.

IRCs for various difficulty and discrimination parameters are shown in Figure 4.1. A
family of curves with fixed discrimination parameters and varying difficulty parameters is
shown on the left (bm = -1, 0, and 1), and a family of curves with fixed difficulty and varying
discrimination is shown on the right (am = 0.2, 1, and 2). The higher the difficulty parameter
the lower the probability of a positive vaccination survey response at all hesitancy levels. The
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Figure 4.1: Item response curves illustrating a range of difficulty and discrimina-
tion parameters (Left) IRCs with the same discrimination parameter but different difficulty
parameters (which is an example of the one-parameter IRT model when am = 1 in Equation
(4.1)), and (right) IRCs from the two-parameter logistic IRT model with the same difficulty
parameter but different item discriminations.
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lower the discrimination value (that is, the shallower the gradient), the less able the item is
to distinguish between vaccine hesitancy.

In Chapter 3, a global analysis was performed by dichotomising the polytomous Likert
response data. This approach, however, results in a loss of statistical information and – in
the context of IRT – provides less variation in the latent variable, which has consequences
when seeking associated variables [249]. In this chapter – in which a more thorough analysis
of these data is performed than in Chapter 3 – a polytomous IRT model is required.

4.3.2 The graded response IRT model for polytomous responses

The graded response model (GRM) is designed to model Likert-scale response data [239].
Responses to the four vaccination survey data items can take one of five values, Yim 2

{1, . . . , k, . . . , K} (where K = 5 in this case). These five values correspond to each of the
five possible Likert responses: k = 1 (strongly disagree), k = 2 (tend to disagree), k = 3

(do not know), k = 4 (tend to agree), or k = 5 (strongly agree). The objective is to model
the response probabilities P (Yim = k|⌘i,✓), where ⌘i is vaccine hesitancy index of individual
i and ✓ are the graded response model parameters. GRM achieves this by modelling the
cumulative probabilities,

P (Yim � k|⌘i,✓m,k) =  (⌘i;✓m,k),

where  is some cumulative distribution function and ✓m,k are the GRM parameters for
item m and category k. A common choice for the cumulative distribution function is the
cumulative logistic distribution (or logistic function),

P (Yim � k|⌘i, am, bm,k) =
1

1 + exp
�
� am(⌘i � bm,k)

� , (4.2)

where k = 2, . . . , K, and ✓k,m = {am, bm,k} are the graded response model parameters. It is
clear that P (Yim � 1|⌘, am, bm,k) = 1, so the probabilities for each individual item response
can be easily derived as,

P (Yim = k|⌘i) = P (Yim � k|⌘i, am, bm,k)� P (Yim � k + 1|⌘i, am, bm,k+1)

=
1

1 + exp
�
� am(⌘i � bm,k)

� �
1

1 + exp
�
� am(⌘i � bm,k+1)

� , (4.3)

for k = 1, . . . , K, and where P (Yim � K + 1|⌘i) = 0. The graded response model is so
called because the parameter set {bkm : m = 1, . . . ,M ; k = 2, . . . , K} represents ordered
boundaries of the cumulative distribution (we have that b2,m < b3,m < · · · < bK,m, for all
m). In an educational-testing context, these boundaries are often selected to assign a given
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proportion of students particular grades. If the probability of obtaining higher scores on
items decreases with an individual’s vaccine hesitancy, then the constraint am > 0 for all m
must be applied. This constraint enforces ordinality with respect to latent vaccine hesitancy.

4.3.3 Model specification

In Section 4.3.2 an individual’s response to vaccination survey data was related to their
latent vaccine hesitancy through Equations (4.2) and (4.3). In order to perform parameter
inference, we need to establish the model likelihood.

Letting Yi denote a 4-dimensional column vector of polytomous item responses to vac-
cination survey data for individual i, the matrix of multivariate item response data can be
written as Y = [Y1,Y2, . . . ,YN ]T (N is the number of individuals). The likelihood is the
probability P (Y|✓), where ✓ is the model parameter set. The likelihood is obtained by writ-
ing the joint density for observed and latent data and marginalising over the latent variables,

P (Y|✓) =
NY

i=1

Z
P (Yi, ⌘i|✓)d⌘i. (4.4)

Applying the multiplication rule and invoking conditional independence between the item
responses yields,

P (Y|✓) =
NY

i=1

Z
P (Yi|✓, ⌘i)P (⌘i)d⌘i,

=
NY

i=1

Z MY

m=1

P (Yim|✓, ⌘i)P (⌘i)d⌘i, (4.5)

where P (Yim|✓, ⌘i) is the probability density over the item responses and P (⌘i) is a specified
distribution for the latent hesitancy values [246]. The assumption of conditional independence
often simplifies the statistical modelling process (verification of this assumption is discussed
in Appendix C.2.1).

For polytomous item response data, the categorical distribution specifies a probability
distribution over the vaccination response data,

P (Yim|⌘i,✓) =
KY

k=1

P (Yim = k|⌘i,✓)
1[Yim=k],

where 1[Y = y] is an Iverson bracket (1[Y = y] = 1 if Y = y and 0 otherwise). The GRM
folds into this model through P (Yim = k|⌘i,✓) which was introduced in the preceding section.
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In a Bayesian setting, the object of focus is the posterior distribution over the unknown
model parameters ✓. Invoking Bayes’ theorem yields the following posterior distribution over
these parameters,

P (✓|Y) /
NY

i=1

Z
P (Yi|✓, ⌘i)P (⌘i)d⌘i ⇥ P (✓), (4.6)

where P (✓) is the prior distribution over item response parameters, which remain to be
specified [246] (see Section 4.4.1 for further details).

Model identification
Model identification issues occur when more than one set of model parameter values gives the
same probability of item response. A number of restrictions must be applied to the graded
response model parameters to prevent parameter estimation issues caused by unidentifiable
parameters.

Taking the two-parameter IRT model set out in Equation (4.1) as an example, consider
a transformation of the latent variable ⌘i ! c1⌘i + c2 (where c1 and c2 are constants); the
logistic function can be re-expressed as,

P (Yim = 1|⌘i, am, bm) =
1

1 + exp
�
� ãm(⌘i � b̃m)

�

= P (Yim = 1|⌘i, ãm, b̃m),

where ãm = c1am and b̃m = bkm�c2
c1

, thus two sets of parameters have identical response prob-
abilities. This causes issues in model inference; in iterative inference schemes, for example,
successive estimates of parameters can ‘drift’ in parameter space, yet still correspond to areas
of high likelihood or high posterior density.

Although identification can be achieved through post-hoc rescaling of parameters [250],
there are two simpler approaches with equivalent outcomes [246]. The first is to fix parameters
of the distribution over the latent variable P (⌘i), for example, by choosing P (⌘i) ⇠ N (0, 1).
This simple identifying restriction is not always possible, however, and this is especially true
where structural models are introduced to explain variability in the latent variable since the
mean is not fixed (see Section 4.3.4). A more universally robust method to identify the model
is to place constraints on the item parameters; in the case of the two-parameter model and
graded response model, fixing a single discrimination and difficulty parameter will identify
the scale and position of the latent variables [246]. Another method – often preferred as it
fixes the latent variables close to the origin when there are extreme (or relatively extreme)
values of difficulty and discrimination – is to constrain the sum of the difficulty parameters
(for a single item) to zero and the product of the discrimination parameters to one [246,251].
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These sum and product constraints have the effect of fixing the location of the latent variables
close to zero, with a fixed variance. This latter procedure is used in this thesis (see Section
4.5), where an additional rescaling of hesitancy (and thus model parameters) is used to fix
the vaccine hesitancy onto a scale that is easily-interpreted scale (see Section 4.5.2).

4.3.4 Structural equation modelling

In addition to inference of item response parameters and individuals’ latent hesitancy, we
wish to understand how variance between individuals’ hesitancy can be explained using socio-
economic explanatory data. This relationship between the latent trait and explanatory data
is often obtained through a two-step approach, wherein the latent variable is first inferred
and then used as a dependent variable in subsequent regression. This approach suffers from
some flaws, notably inefficient regression parameter estimates (such as an underestimation of
parameters’ standard errors) and biased parameter estimates resulting from an assumption
that the inferred latent variables are errorless [252]. Item response theory allows us to
simultaneously regress hesitancy against explanatory data and perform item parameter and
latent variable inference: this is achieved by including a structural equation model within the
item response theory framework [246].

To incorporate this structural model, the latent vaccine hesitancy variable ⌘i is condi-
tioned on explanatory data. The item response theory likelihood specified in Equation (4.5)
then becomes,

P (Y|✓,X) =
NY

i=1

Z
P (Yi|⌘i,✓

meas)| {z }
measurement model

⇥

structural modelz }| {
P (⌘i|Xi,✓

struct) d⌘i, (4.7)

where X 2 RN⇥(nX) is a design matrix of nX explanatory variables, and where we make
explicit the measurement model (that is, the graded response model) and the structural

model which is our hesitancy regression model. The parameter set is now decomposed:
✓ = {✓meas,✓struct

}, where ✓meas is the set of item response parameters in the measurement
model, and ✓struct are the parameters in the structural regression model.

In IRT the latent variable is continuous. A linear regression model is an appropriate
structural equation model for a continuous response variable,

P (⌘i|Xi,✓
struct) = N (Xi�, �

2), (4.8)

where ✓struct = {�, �2
}, � = (�0, �1, . . . , �nX�1)T is a set of regression parameters, and �2 is

unexplained variance in the regression [246].
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4.4 Bayesian hierarchical item response theory for vaccine hesitancy

4.4.1 Bayesian hierarchical IRT

Item response theory is now generalised for hierarchical data. The aims and benefits of
modelling within a hierarchical paradigm were previously stated in Section 3.3, so they are
not recapitulated here. Details of the following outline of hierarchical item response theory
model are found in a number of sources [246,253,254].

The model likelihood (omitting the dependence on observed covariate data for notational
convenience) is given by

P (Y|⌘,�,✓,�,⌃) /
JY

j=1

njY

i=1

P (Yij|⌘ij,✓
meas)P (⌘ij|Xij,�j, �

2)P (�j|Zj,�,⌃), (4.9)

where ✓meas = {ak, bk,m}k=1,...,5; m=1,...,4, and ✓struct = {�j,⌃, �, �2
}j=1,...,J , so ✓ = {✓meas;✓struct

}.
The conditional independence assumption is asserted so that,

P (Yij|⌘ij,✓
meas) =

MY

m=1

P (Yijm|⌘ij,✓
meas), (4.10)

and Yijm is modelled as a categorical random variable,

P (Yijm|⌘ij,✓
meas) =

KY

k=1

P (Yijm = k|⌘ij,✓
meas)1[Yijm=k]. (4.11)

The posterior distribution is given by Equation (4.9) multiplied by prior distributions for ⌘,
�, ✓, �, and ⌃. The structural equation model in Equation (4.8) is extended to allow for
country-specific parameters (this was done previously in Section 3.3 in the case of hierarchical
logistic regression). This hierarchical structural model is given by the equations,

P (⌘ij|Xij,✓
struct) = N (Xij�j, �

2) (4.12)

P (�j|�,⌃) = N (�Zj,⌃), (4.13)

where �j = (�0j, �1j, . . . , �nX�1,j)T are the random-effect parameters for country j, and �2 is
the individual-level variance [246]. At the country-level (Equation (4.13)), � 2 RnX⇥nZ are
the model fixed effects, Zj 2 RnZ⇥1 is a column vector of country-level explanatory data, and
⌃ is the covariance matrix, ⌃ = diag(�2

1, . . . , �
2
nX

). Individuals are labelled from i = 1, . . . , nj

(where nj is the number of individuals in country j) and countries range from j = 1, . . . , J

(J = 72 in this chapter). The number of individual- and country-level explanatory variables
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are given by nX and nZ , respectively.
The posterior distribution is obtained by multiplying Equation (4.9) by prior distributions.

4.4.2 Prior distributions

In the graded response model, the difficulty parameters bm,k (m = 1, . . . ,M ; k = 1, . . . , K)
satisfy the order constraints bm,1 < bm,2 < · · · < bm,K�1 and the discrimination parameters
am > 0 for all m. These conditions place restrictions on the choice of prior distributions for
these parameters. A typical choice for the prior distribution for the discrimination and diffi-
culty parameters is an exchangeable prior distribution (that is, a distribution with invariance
under permutation of its parameters), so the order constraint can be readily satisfied [246].
An appropriate exchangeable distribution is the multivariate normal distribution,

0

BBBB@

ãm

b̃m,1

...
b̃m,K�1

1

CCCCA
⇠ N

�
µitem,⌃item

�
,

where am = exp(ãm) so that ordinality with respect to the latent variable is enforced and the
difficulty parameters are reordered so that bm,n = minn{b̃m,1, . . . , b̃m,K�1} (n = 1, . . . , K�1),
where minn S denotes the nth smallest element of set S. The parameters µitem and ⌃item are
hyper-parameters for the mean and covariance of the item response parameters.

Choices of these hyper-parameters can be motivated through a variety of factors, such as
past analyses, the data, and domain knowledge about the parameters [255]. In the case of
the discrimination parameters, we find that large values of am can cause model identification
issues if the hesitancy values are confined to a scale of order one (that is, if ⌘i ⇠ O(1) and
am � 1, then P (Yijm = k|am) ⇡ P (Yijm = k|am +�) for a large range of values �), and so
an uninformative prior over am can lead to convergence issues. In this study, hyper-priors
are placed over µitem and ⌃item to represent prior uncertainty. Discrimination values are
restricted to values of order 1 to prevent the model convergence issues discussed in Section
4.3.3.

A range of priors are also possible for the structural parameters, ✓struct. The choice of
prior for the fixed effect parameters � can be motivated by knowledge of the range of values
for the latent hesitancy variables, since these fixed-effects are tied to hesitancy through
the structural equation model. As discussed in Section 4.3.3, a constraint on the sum of
the difficulty parameters and the product of discrimination parameters fixes the scale and
location of the latent variable; in particular, these can be selected so that ⌘i is centred close
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to zero with a variance of order one. Appropriate priors for the fixed-effects are therefore
independent normal priors with a semi-informative variance component, �pq ⇠ N (0, 10)

(p = 1, . . . , nX ; q = 1, . . . , nZ). An inverse-gamma prior is chosen for the prior distribution
P (�2) (with hyper-priors motivated through simulation study – see Appendix C.1) and an
inverse-Wishart prior is used for the covariance matrix ⌃ (the robustness of which is again
shown in Appendix C.1).

We specify the following prior distributions for the Bayesian hierarchical IRT model spec-
ified in Section 4.4.1,

(ãm,bm)
T
⇠ N (µitem,⌃item)

µitem|⌃item ⇠ N (0,⌃item)

⌃�1
item ⇠ Wishart(1, nitem + 1), (4.14)

where am = exp(ãm). The prior distributions for the variance components are specified as,

��2
⌘ ⇠ Gamma(1, 0.01)

⌃�1
⇠ Wishart(0.01⇥ 1, nx + 1), (4.15)

where nx and nitem in the Wishart distributions contribute to prior non-informativeness [246].
A simulation and sensitivity study is performed in Appendix C.1 to demonstrate the

robustness of parameter inference to the priors outlined in this section. For example, the
sensitivity analysis of item response parameters shows that inferences under the specified
priors are robust to a wide range of generated item response parameters, including those
outside the range of values anticipated in this study (see Appendix C.1.3). Although there
has been some criticism of the choice of the family of Gamma priors for hierarchical variance
components [256], our sensitivity analysis shows that careful selection of the variance hyper-
parameters for these distributions in this context – in which much is known about the range
of parameter values – provides robust inferences over a range of possible parameter values.

4.4.3 Structural models for vaccine hesitancy

A number of structural models are considered to find an appropriate model for fitting ex-
planatory data to inferred hesitancy. Model-fit criteria (see Section 4.4.4) are used to assess
the best-fitting model. In the following models, ✏ij ⇠ N (0, �2) and ⌫pj ⇠ N (0, �2

p) for
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p = 1, . . . , nX :

M1 : ⌘ij = �0j + ✏ij

�0j = �00 + ⌫0j,

model M1 denotes an ‘empty’ model in which no explanatory data at either level are used
to explain individual- or country-level variance;

M2 : ⌘ij = �0j + �1j · xSEX,ij + �2j · xAGE,ij + �3j · xEDU,ij + �4j · xEMP,ij + ✏ij

�ij = �i0 + ⌫ij,

M2 seeks to explain variance at the individual-level only by using an individual’s sex, age,
education, and employment (SEX, AGE, EDU, EMP as described in Section 3.2.1, respec-
tively)1;

M3 : ⌘ij = �0j + ✏ij

�0j = �00 + �01ZGDP,j + �02ZSAN,j + �03ZWAT,j + �04ZBIR,j + �05ZU5M,j + �06ZHEX,j + ⌫0j,

M3 uses the country-level variables GDP (GDP), access to sanitation (SAN), access to water
(WAT), births attended by skilled health staff (BIR), and under-five mortality (U5M) to
explain country-level variance (these variables were introduced in Section 3.2.2);

M4 : ⌘ij = �0j + �1j · xSEX,ij + �2j · xAGE,ij + �3j · xEDU,ij + �4j · xEMP,ij + ✏ij

�0j = �00 + �01ZGDP,j + �02ZSAN,j + �03ZWAT,j + �04ZBIR,j + �05ZU5M,j + �06ZHEX,j + ⌫0j,

M4 is the intercepts-as-outcomes model used in the preceding chapter in Section 3.3, which
includes individual-level explanatory data and country-level data to explain variation in the
intercepts �0j; and,

M5 : ⌘ij = �0j + �1j · xSEX,ij + �2j · xAGE,ij + �3j · xEDU,ij + �4j · xEMP,ij + ✏ij

�pj = �00 + �01ZGDP,j + �02ZSAN,j + �03ZWAT,j + �04ZBIR,j + �05ZU5M,j + �06ZHEX,j + ⌫pj,

for p = 1, . . . , nX ; model M5 is the intercepts-and-slopes-as-outcomes model also introduced
previously in Section 3.3 and, as the name suggests, uses explanatory data to explain variance
in the intercept and slope random effects. The one-hot matrix notation used in Equation
(3.1) is again used here. Unlike the logistic hierarchical models in Chapter 3, the models M1

to M5 here are linear : thus fixed-effect parameters are directly associated with an increase
in hesitancy relative to the baseline group (rather than associated through odds ratios in
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Section 3.4). The baseline group is an 18-44 year-old employed male with no education.

4.4.4 Model estimation

Analytical expressions for complicated probability densities – such as multidimensional inte-
grals arising as posterior densities from item response theory in Equation (4.6) – can often
be hard, if not impossible, to obtain [255]. A suite of methods exist to either solve or ap-
proximate these distributions, or to find desirable properties of them. Sampling techniques,
such as the suite of Markov chain Monte Carlo (MCMC) methods (see, for example [257]),
provide a sample of the posterior density (from which statistical properties can be obtained)
through a Markov random walk through the parameter space. The posterior density (or an
approximation to it) can also be obtained through methods seeking to make distributional
simplifications, such as in variational Bayes and Laplace’s method [258]. Point estimates
– rather than estimating the full posterior distribution – can also be obtained through nu-
merical integration methods or iterative schemes such as expectation maximisation [255]. In
this thesis, we focus on Gibbs sampling, an MCMC scheme that provides a sample from the
posterior density through successive sampling of full conditional distributions [255].

Gibbs sampling
The goal of MCMC procedures is to construct a Markov chain of values whose stationary
distribution converges to the posterior distribution of interest; that is, as we take an infinite
number of samples the probability of visiting a set of parameters ✓ is P (✓). Although there
are many incarnations of MCMC, we focus on Gibbs sampling, formally introduced by Geman
and Geman [259]. Gibbs sampling is an attractive choice of MCMC method when the full
conditional distributions of each parameter of interest are known, which is the case with a
choice of (conditionally conjugate) priors for hierarchical item response theory, which were
introduced in Section 4.4.1.

Gibbs sampling involves generating an (ergodic) Markov chain of parameters {✓s}
S
s=1,

where S is the number of MCMC iterations, by sequentially sampling from the full conditional
distributions of each parameter,

✓(s+1)
1 |· ⇠ P (✓1|✓

(s)
2 , ✓(s)3 , . . . , ✓(s)p )

✓(s+1)
2 |· ⇠ P (✓2|✓

(s+1)
1 , ✓(s)3 , . . . , ✓(s)p )

...

✓(s+1)
p |· ⇠ P (✓p|✓

(s+1)
1 , ✓(s+1)

2 , . . . , ✓(s+1)
p�1 ),

where |· represents a conditioning on the most recent updates of the random vector ✓ [255].
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Each of the conditional distributions above satisfy detailed balance equations which, along
with Markov chain ergodicity, result in sampling from a stationary distribution which asymp-
totically coincides with the posterior distribution. Ergodicity allows us to start the Markov
chain from any initial position (as Gibbs sampling is asymptotically exact) but, in the finite-
sample limit, choices far from the target distribution may take a long time to reach high-
probability areas of the target distribution [190]. This may result in a large ‘burn-in’ period
not representative of the posterior distribution (and thus needs to be discarded).

Convergence diagnostics
A number of convergence diagnostics exist for determining whether the MCMC sample has
successfully converged to the target distribution (and thus also whether the sample has
successfully burnt-in): the Gelman-Rubin and Raferty-Lewis [260, 261] diagnostics, and the
Geweke statistic [262] are prevalently used. In this thesis we consider the latter of these
diagnostic tools.

If parameter samples have converged to their stationary distribution then the means from
two windows of this time-series should not differ and a two-sample t-test can be used to test
this difference. For a stationary sequence (implying a constant mean), then the two-sample
T -statistic is given by,

T =
µ̂A
✓ � µ̂B

✓

n�1
A ŜA(0) + n�1

B ŜB(0)
, (4.16)

where µ̂A(B)
✓ is an estimate of the sample mean across window A (B) of length n�1

A(B), and
ŜA(B)(0) is an estimate of the spectral density which provides an estimate for the time-series
sample variances [262]. Under the assumption of stationarity T follows a standard normal
distribution as nA, nB ! 1, T ⇠ N (0, 1). The p-value associated with the test statistic T is
known as the Geweke statistic and p-values with p < ↵ provide evidence for non-converged
chains (at significance level ↵) [262]. To simultaneously assess burn-in and convergence, we
compute the Geweke statistic for the first tenth and final half of the MCMC chains. Successful
burn-in and convergence are verified for our models in Appendix C.2.2.

Model selection
In a Bayesian formalism, the model selection procedure involves choosing a model (for ex-
ample, from two competing models M1 and M2) if the posterior model odds favours model
M1; that is, if

BF =
P (M1|Y )

P (M2|Y )
> 1,

where Y are data, and where the ratio of posterior model odds is known as the Bayes factor.
A Bayes Factor greater than about three provides substantial evidence to favour model
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M1 [263]. Application of Bayes’ rule to this expression allows us to re-write the Bayes factor
as,

P (M1|Y )

P (M2|Y )
=

P (Y |M1)

P (Y |M2)

P (M1)

P (M2)
. (4.17)

The marginal likelihoods which comprise the Bayes factor are integrals over the parameter
vector ✓i which parametrise model Mi:

P (Y |Mi) =

Z
P (Y |Mi,✓i)P (✓i|Mi)d✓i, (4.18)

for i = 1, 2. Unless a simple analytic form exists to this equation (which is seldom the case),
this integral requires numerical integration techniques to evaluate.

A number of model-assessing information criteria exist. These criteria usually have the
form �2 logL+⇤, where the model’s log-likelihood logL is penalised by an amount ⇤, usually
depending on the number of model parameters [255].

Bayesian information criterion The Bayesian information criterion (BIC) is a widely-used
approximation to the Bayes factor [264] and is given by,

BIC = �2 logLMAP + p logN, (4.19)

where logLMAP is the log-likelihood evaluated at the maximum aposteriori estimate (this is
the mode of the posterior distribution), p is the number of model parameters, and N is the
number of data points in the model. Thus, overfitting is guarded against as the likelihood is
penalised by a term depending on the number of variables in the model.

Aikake information criterion Another commonly used measure of model fit is the Akaike
information criterion (AIC) which quantifies the dissimilarity between a ‘true’ model and an
observed model [265]. The AIC is given by,

AIC = �2 logLML + 2p, (4.20)

where logLML is the log-likelihood evaluated at the maximum likelihood estimate.

Deviance information criteria Deviance information criteria can be used for hierarchical mod-
els when the true number of parameters is masked by the hierarchical structure [266]. The
deviance information criteria (DIC) penalises the log likelihood by a measure of model di-
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mension proposed to combat ambiguity in parameter numbers in hierarchical models,

DIC = �2 logL(✓̄) + 2pD, (4.21)

where pD = D(✓̄)� D̄(✓) (where D = �2 logL is the deviance), and where the likelihood is
calculated at the posterior means ✓̄ [266]. An alternative to the DIC stated above proposed
by Gelman replaces pD with pV = 1

2 cvar(D(✓)), as this quantity is an estimate of the number
of free parameters in a non-hierarchical model and is trivial to calculate [255].

4.5 Results

Individuals’ vaccine hesitancy is obtained via the Bayesian hierarchical IRT model intro-
duced in Section 4.4.1. Global and national trends in this latent hesitancy index are in-
vestigated in Section 4.5.2. Socio-economic determinants of hesitancy are sought in Section
4.5.3 through the structural equation models introduced in Section 4.4.3. In Section 4.5.4
a vaccine hesitancy study is performed in Nigeria: we use the inferred hesitancy indices of
individuals in Nigeria to map hesitancy and use the extended set of socio-economic deter-
minants (SAHEL-NIGERIA introduced in Section 4.2.2) to explore variation in hesitancy in
Nigeria. Results are fully discussed and interpreted in Section 4.6. We begin this chapter
with a brief description of the model implementation procedure.

4.5.1 Model implementation and diagnostics

The Bayesian hierarchical IRT models outlined in Section 4.4.1 with the five structural equa-
tion models M1 to M5 are implemented using the JAGS programming language using the R
package rjags [267].2 Each model is run for a total of 51,000 iterations with the first 1,000
discarded as the burn-in phase and a thinning interval of five to avoid memory issues. Evi-
dence for successful burn-in and model convergence for all models is provided by the Geweke
statistic (Appendix C.2.2). Strong support is also found for conditional independence of
observed vaccination response data given the inferred latent hesitancy (Appendix C.2.1).

Model assumptions for hierarchical models have been previously introduced in Section
3.3.2. In this chapter, linear regression (rather than the logistic regression) is used; additional
tests for homoscedasticity and residual normality is thus required at the individual-level. We
verify these assumptions in Appendix C.2.3.

Although the condition number of the individual- and country-level explanatory data
matrix reveals a well-conditioned matrix (condition number of 13 which is below the value

2Our JAGS code for hierarchical Bayesian IRT is provided in Appendix C.3.
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of 30 [229]), preliminary analysis of MCMC chains revealed poor convergence of country-
level variables and an inflation of standard errors, particularly of GDP per capita (GDP) and
health expenditure (HEX). Correlation between GDP and HEX was high (Pearson’s r = 0.92);
although z-scoring of country-level data appeared to have removed ill-conditioning, it is
likely that the Gibbs sampler became ‘trapped’ along the highly correlated surface of these
two variables and led to these issues. The country-level variable GDP is therefore removed
from the analysis. This was not an issue for the hierarchical analysis in Chapter 3.4.2, a
possible reason for this is the addition of the Sahel data which induces a higher correlation
between GDP and HEX. The correlation between the country-level data in this chapter and
the preceding chapter remained high (as expected) with Pearson correlations of: 0.77 (HEX),
1.00 (SAN), 0.96 (WAT), 0.96 (BIR), 1.00 (U5M).

4.5.2 Inference of vaccine hesitancy

The mean of the posterior distribution of an individual’s inferred latent hesitancy,

⌘ij =
1

S

SX

s=1

⌘sij, (4.22)

is termed the vaccine hesitancy index (VHI), where S = 50, 000. Low values of ⌘ij
represent individuals with high vaccine hesitancy. We note that throughout what follows,
high values of the vaccine hesitancy index are associated with low levels of individual vaccine

hesitancy.
In Figure 4.2 A-D, we plot the probability of responding with a particular Likert response

at a given vaccine hesitancy value (that is, we plot P (Yijm = k|⌘) against ⌘ for all individuals).
This is done for each vaccination survey question: overall I think vaccines are important for
children to have (A); overall I think vaccines are safe (B); vaccines are effective (C); and vaccines
are compatible with my religious beliefs (D). The global distribution of the vaccine hesitancy
index is shown as a grey smoothed histogram and these values are scaled such that an
individual with hesitancy index ⌘ij = 0 has a 50% chance of replying strongly agree to
Vaccinations are important for children to have. For a given ⌘ij, the probability of the Likert
responses must sum to 1.

A number of interesting trends in vaccine hesitancy behaviours are revealed using this item
response theory approach. The distribution of individuals’ VHIs (grey smoothed histograms)
reveals multiple peaks suggesting a clustering of vaccination behaviour. For instance, individ-
uals within the right-most peak (high VHI ⌘; low hesitancy) almost certainly reply strongly
agree to overall I think vaccines are important for children to have, overall I think vaccines are
safe, overall I think vaccines are effective. As the vaccine hesitancy increases from this value
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(that is, ⌘ decreases), the probability of replying strongly agree decreases. At values of ⌘ ⇡

0, 0.5, 0.4, and -0.1, individuals become more likely to reply tend to agree to importance,
safety, effectiveness, and religious compatibility (respectively) than strongly agree. A second
prominent peak at ⌘ = 0.28 is still associated with less hesitant vaccination beliefs for each
item; however, there is now clear vaccine scepticism towards the safety of vaccinations and
with religious compatibility concerns (Figure 4.2 B and D).

The trends in the link between Likert response probabilities and vaccine hesitancy are
made clearer in Figure 4.2 E which shows item response curves for positive Likert responses
(tend to agree and strongly agree). This plot reveals that although the discrimination param-
eters are similar across the questions on vaccine safety, importance, and effectiveness, there is
a notable difference in difficulty parameters. This difference suggests that more respondents
are hesitant towards vaccine safety than vaccine effectiveness and, similarly, more hesitant
towards vaccine effectiveness than vaccine importance. We also find that the response curve
for religious compatibility in Figure 4.2 E is less discriminative than the other three curves.
This low relative discrimination reveals that responses to the survey item on religious com-
patibility inform less towards vaccine hesitancy than the other three items. These trends
are in agreement with the findings in Section 3.4.1); however, they provide more detailed
information into individuals’ responses and the correlation between vaccine survey questions.

Global trends in hesitancy
In Figure 4.2 A-D, we observe the global distribution of the vaccine hesitancy index and
its relation to the probability of responding in a particular way to the vaccination survey
questions. Most individuals around the world have a low vaccine hesitancy (a high vaccine
hesitancy index) as evidenced by high proportions of individuals responding positively to the
vaccination survey items. In Figure 4.2 F, the global distribution of the vaccine hesitancy
index (grey smoothed histogram) is compared to those in the Sahel (coloured histograms).
The combined Sahel region has a median VHI of 1.627 [1.62, 1.63] compared to 0.44 [0.42,
0.46] for the rest of the world highlighting the relatively low hesitancy amongst individuals in
the Sahel compared to the rest of the countries surveyed. These differences in median values
between the Sahel and the rest of the world represent increases in probability of positive
responses of 0.5%, 2.5%, 1%, and 14% for each survey question respectively, but even larger
differences exist between strongly agree and tend to agree. (The median is a bootstrapped
estimate from 10,000 resamples from the distributions of ⌘ij for all individuals either in
the Sahel or globally and error bars denote a 99% confidence interval). Median hesitancy
values within each country in the Sahel are also significantly higher than the global average:
Burkina Faso 1.002 [0.927, 1.028], Mali 1.860 [1.858, 1.863], Mauritania 1.930 [1.928, 1.930],
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Figure 4.2: Inference of vaccine hesitancy reveals hesitant behaviours and permits
a worldwide comparison of hesitancy (A) The probability of responding with Likert
response k 2 { strongly disagree (SD), tend to disagree (TD), do not know (DK), tend to
agree (TA), strongly agree (SA)) } to vaccines are important for children to have at vaccine
hesitancy level ⌘. Higher levels of ⌘ represent lower levels of hesitancy; individuals’ vaccine
hesitancy index (VHI, Equation (4.22)) are shown in the grey smoothed histogram. (B-D)
repeat (A) for safety, effectiveness, and religious compatibility (respectively). (E) shows item
response curves for a positive response (TA or SA) to all questions. (F) shows low hesitancy
levels in the Sahel compared to globally (GLO) [GLO: global; BFA: Burkina Faso; MLI:
Mali; MRT: Mauritania; NER: Niger; NGA: Nigeria; and SEN: Senegal]. (G) median-ranked
box-and-whisker plots of VHIs in each country.
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Niger 1.806 [1.800, 1.809], Nigeria 1.645 [1.634, 1.652], and Senegal 1.574 [1.569, 1.579].
In Figure 4.2 G box-and-whisker plots show the median (vertical bar), interquartile range

(rectangular box), and range (horizontal lines) of individuals’ VHI values within each coun-
try (with Sahel countries at the top of G). Most countries have a median VHI above the
mean hesitancy value; however, most countries have a heavy tail of low VHI values denoting
large groups of vaccine hesitant individuals. Many countries, such as Mauritania, Argentina,
Ethiopia, do not have a large number of vaccine hesitant individuals, and simply have a high
median VHI with low variance about this value.

In the Sahel, Burkina Faso, Senegal and Nigeria, have relatively high median VHI values
signifying populations with relatively low vaccine hesitancy. However, the Sahel countries
also tend to have a very large range of VHI values, suggesting groups of vaccine hesitant
individuals. This variability in VHI values between countries is interpreted in the discussion
section, although further work is required to fully interpret international trends more carefully
before we reach publication stage. The variability in hesitant individuals is now investigated
through the hierarchical structural regression models M1 to M2 introduced in Section 4.4.3.

4.5.3 Socio-economic determinants of vaccine hesitancy

Global trends
Introduced in Section 4.4.3, models M1 to M5 aim to explain variance at differing levels of the
hierarchical data. Model performance is evaluated using the four information criteria in Sec-
tion 4.4.4. Models M1 (the ‘empty’ model with no explanatory variables at either level), M3

(explanatory variables included at the country-level only), and M5 (the intercepts-and-slopes-

as-outcomes model) are found to have the highest model selection criteria across all model
selection criteria.3 These high model selection criteria suggest that not enough individual-
and country-level variance is explained in M1, which does not include any explanatory data,
and M3 which ignores variance at the individual level. The high criteria values for M5,
however, suggest that a high degree of overfit is present in this model, as country-level pa-
rameters are included to account for variance in every random-effects term. Models M2 and
M4 are favoured by the information criteria: both use individual-level explanatory data to
account for individual-level variance, but M4 also uses country-level variables to account for
variability between the baseline groups across all countries. The selection of M2 and M4

reveals that it is crucial to monitor individual-level variance, and that there is large variabil-
ity amongst baseline hesitancy levels within each country that should be explained (this is

3except for M1 which was found to have the lowest BIC value, however this result is discarded, as it is
well-known that BIC can often provide unnecessarily harsh penalties to models, and because this information
criteria is particularly sensitive to hierarchical models [266].
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possibly suggested by the large variability in median hesitancy in Figure 4.2 G).
Fixed-effect parameters – representing global averages of trends across all countries – for

these two models are displayed in Table 4.1 (with the ‘empty’ model M1 included for model
fit comparison). The maximum a posteriori (MAP) estimates4 and 95% highest posterior
density (HPD) intervals5 are shown, and the lowest information criteria for each model is
highlighted. Positive (negative) fixed-effect parameters are associated with higher (lower)
VHI values and thus less (more) hesitant vaccination belief. In model M2, for example,
the baseline group (intercept) of an employed 18-44 year-old male with no education has a
hesitancy index centred at ⌘ = 0.42; an employed 18-44 year-old female with no education
would have ⌘ = 0.46 (note that 0.42 represents higher vaccine hesitancy than 0.46.)

Across models M2 and M4, it is observed that females, older age groups, and those with
the highest level of education are more likely to have higher VHI values and are there less likely
to be vaccine hesitant (than the respective baseline group). With regards to employment,
housewives are more likely to have high VHI values (less vaccine-hesitant) than other groups,
whereas the unemployed are more likely to have low VHI values (more vaccine-hesitant).

Model M4 includes country-level predictors to explain variability between countries’ base-
line groups (the intercepts �0j in M4 in Section 4.4.3). Countries with a higher proportion of
births attended by skilled health staff (BIR) are likely to have more vaccine hesitant individ-
uals, whilst countries with high infant mortality rates (U5M) have fewer. These two effects
are relatively strong compared to individual variables, reflecting the large between-country
variability: this is further evidenced through the individual- and intercept random-effect
variance components shown in Table 4.1.

A comparison of trends between the Sahel and the rest of the world
The random-effect parameters – which represent a country’s deviation from the fixed-effect
parameters – are displayed in Figure 4.3 A for model M4. (There is very strong correlation
– R2 = 0.94 – between the random-effect parameters in M2 and M4.) Each grey point
represents a country’s random effect and coloured dots highlight the position of countries in
the Sahel (a Sahel datum within a ring indicates that the 95% HPD interval does not contain
zero).

There is large variability within the intercept random-effect terms, highlighting the large
variability in VHI values across all countries.6 The high median VHI values in the Sahel
countries relative to those from the rest of the world are shown in the intercept term in Figure

4The MAP estimate is the mode of the posterior distribution.
5The (1�↵) HPD interval is the narrowest interval around the MAP estimate that contains 100(1�↵)%

of the probability mass.
6As a reminder, the baseline group is an 18-44 year-old unemployed male with no education.

89



M1 M2 M4

ine

Individual-level
Intercept 0.52 (0.41,0.63) 0.42 ( 0.29, 0.55) 0.42 ( 0.30, 0.53)

Sex
Male (baseline)

Female 0.04 ( 0.01, 0.06) 0.04 ( 0.01, 0.06)

Age
18-44 (baseline)

45-64 0.04 ( 0.01, 0.07) 0.04 ( 0.01, 0.07)

65+ 0.09 ( 0.03, 0.15) 0.09 ( 0.03, 0.14)

Education
None (baseline)

Low 0.02 (-0.05, 0.10) 0.03 (-0.05, 0.09)

Med 0.04 (-0.03, 0.12) 0.06 (-0.02, 0.12)

High 0.09 (-0.01, 0.17) 0.09 ( 0.00, 0.16)

Employment
Employed (baseline)

Unemployed -0.07 (-0.11,-0.04) -0.07 (-0.10,-0.03)

Student -0.02 (-0.06, 0.03) -0.02 (-0.06, 0.02)

Housewife 0.04 ( 0.01, 0.08) 0.05 ( 0.01, 0.08)

Retired/disabled 0.01 (-0.03, 0.05) 0.01 (-0.02, 0.06)

Country-level
HEX (% of GDP) 0.05 (-0.08, 0.18)

SAN (% with access) 0.06 (-0.16, 0.31)

WAT (% with access) 0.05 (-0.10, 0.21)

BIR (% of total) -0.18 (-0.34,-0.03)

U5M (per 1000 births) 0.21 (-0.01, 0.42)

Variance components
�2

1 0.86 0.86

�2
0 0.48 0.21 0.16

ine

Information criteria
AIC 639,662 637,425 637,478

BIC 640,542 646,172 646,734

DIC (pV) 637,382 633,194 633,404

DIC (pD) 957,765 961,068 955,648

Table 4.1: Fixed-effect structural equation model parameters for the Bayesian hier-
archical response theory on augmented GLOBAL-67 and SAHEL-6 reveal global trends
in determinants of hesitancy The most parsimonious models as selected by a range of
information criteria are structural models with individual-level predictors only (M2) and the
intercepts-as-outcomes model with country-level predictors (M4). Fixed-effect parameters
greater than zero represent a positive association between that variable and positive (that
is, less hesitant) vaccination beliefs (relative to the baseline group) and vice versa. Females,
older age groups, highly educated groups, and housewives are associated with lower vaccine
hesitancy, whilst the unemployed are associated with higher hesitancy. Countries with a
higher proportion of births attended by skilled health staff (BIR) hold a negative association
with the baseline random effects, whilst countries with high infant mortality rates (U5M) are
associated with lower hesitancy.
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4.3 A. We also note that the large random-effect variability in the intercept relative to the
other parameters provides explanation for parsimony of model M4 relative to the intercepts-

and-slopes-as-outcomes model (M5), which uses country-level socio-economic variables to
explain the variance in each of the other parameters.

The global fixed-effect trends in Table 4.1 indicate that males are more likely than females
to have lower VHI values – Figure 4.3 A demonstrates this trend is true for all countries in
the Sahel. The global trends in age – that older age groups have higher VHI values and are
thus less vaccine hesitant – holds true in Niger and Nigeria, but there is no significance in
this effect elsewhere in the Sahel.

There are striking trends in the effect of education on vaccine hesitancy in the Sahel
countries. Whilst globally, high levels of education are associated with high VHI values
(low vaccine hesitancy), this is emphatically not the case in Burkina Faso, Mali, Niger, and
Senegal (Figure 4.3 A and B). In these four countries each additional level of education is
associated with decreases in their VHI values. Higher levels of education appear, therefore,
to be associated with vaccine hesitancy across much of the Sahel. This effect is emphasised
in Figure 4.3 B where the posterior distributions of the random-effect education terms are
shown across the Sahel. To provide an idea of the strength of decreasing VHI values with
increasing education levels across the Sahel, we estimate the overlap regions between posterior
distributions associated with the lowest and highest VHI values in Figure 4.3 B. A p-value,
defined as the number of times a randomly generated sample from the low-education posterior
is also in the high-education posterior, is reported. In Burkina Faso (p < 0.01), Mali (p =

0.06), Niger (p < 0.01), and Senegal (p = 0.05) there is strong evidence to suggest that
those with the highest levels of education (university and masters/PhD degrees; see 4.2.1)
have lower VHI values than those with low levels (primary educated). With regards to
employment status, those unemployed in Burkina Faso and students in Senegal are likely to
have higher VHI values and thus be more vaccine-hesitant than those employed. Housewives
in Burkina Faso, Mali, Niger, and Senegal are associated with higher VHI values and are
thus less vaccine-hesitant than the baseline group (those employed).

In Figure 4.3 C, the negative association between the random-effect intercepts and a
country’s health expenditure (HEX) is shown. The Sahel countries are again highlighted, as
are countries at the extreme end of the hesitancy scale (Argentina and Japan) and a selection
of other countries of interest (India, China, Russia, UK, USA).

4.5.4 State-level vaccine hesitancy in Nigeria

The inferred VHI values for individuals in Nigeria (⌘i,Nigeria for individuals i in the SAHEL-NIGERIA
dataset) obtained via Bayesian hierarchical IRT model M4 are used to explore state-level
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Figure 4.3: Random-effect parameters in the Sahel reveal high levels of education
are associated with vaccine hesitancy in Burkina Faso, Mali, Niger, and Senegal
(A) Random-effects parameters from model M4 are shown for the Sahel (coloured) and the
rest of the world (grey). Random-effect parameters greater than zero are associated with
more positive (less hesitant) vaccination views relative to the baseline category and vice
versa. (A Sahel datum within a ring indicates that the 95% HPD interval does not contain
zero.) The Sahel shows broad consistency with the global trends in 4.2; however, high levels
of education are associated with vaccine hesitant views in the Burkina Faso, Mali, Niger,
and Senegal. (B) Posterior distributions for the education random effect parameters in the
Sahel further highlighting the education trend in (A). (C) Random-effect intercept terms �0j
against health expenditure HEX reveals countries with high national spends on healthcare
tend to have lower levels of hesitancy. (Health expenditure has high correlation with GDP
per capita as discussed in Section 4.5.1.)
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hesitancy.7 As we introduce a state-level label for the VHI of individuals in Nigeria, the
variable ⌘i,Nigeria is relabelled ⌘Nigeria

is in this section, where the subscript s denotes Nigerian
state.

State-level variation in Nigerian VHI values is mapped to explore trends across Nigeria’s
37 states; variation in these trends is explored via a linear regression model using the extended
set of explanatory variables in Nigeria outlined in Section 4.2.2.8 In this regression model,
we include interaction terms between variables to seek more nuanced effects between factors
and hesitancy. The choice of interaction terms was motivated by domain knowledge of likely
vaccine hesitancy-influencing factors: to probe the effect that religious leaders may have on
vaccine hesitancy, we explore the interaction between ethnicity and religious schooling, and
we also consider the interaction between ethnicity and sex, and sex and education (this latter
interaction is motivated by the findings in Chapter 2). The following hierarchical linear
regression model is therefore used:

⌘Nigeria
is = �0s + �1s · xSEX,is + �2s · xAGE,is + �3j · xEDU,is + �4j · xEMP,is (4.23)

+ �5j · xETH,is + �6j · xREL,is + �7j · xDEC,is + �8j · xEC,is

+ �9j · xPEC,is + �9j · xETH:REL,is + �9j · xSEX:ETH,is + �10jxSEX:EDU,is + ✏is

�ps = �p0 + ⌫ps,

for p = 1, . . . , 33, s = 1, . . . , 37, ‘:’ denotes an interaction between variables, where the
random-effect parameters �[.]s are again vectors with length equal to the number of levels
less one, and ⌫ps ⇠ N (0, �2

p). The number of individuals in each state (over which the index
i runs) ranges from 100 in Ebonyi to 130 in Benue. The baseline category, �0j, is an 18-44
year-old employed male with no education; the extended variable baseline groups are given
in Section 4.2.2, though it is noted that the baseline ethnicity is the Hausa group.

A state’s overall VHI value is calculated by taking the median average across individuals’
VHI in each state. Clear spatial trends are observed (Figure 4.4). North-western states (with
the exception of Zamfara) have lower VHI values (higher vaccine hesitancy) than the rest
of the country (except Ekiti in the south west). VHI values in east Nigeria are very high
signifying low concerns with vaccines; although VHI values are high across south Nigeria,
there are low state-level VHI values in Rivers, Ondo, and Ekiti. These trends mirror historic
adverse vaccine events in Nigeria: these have already been discussed in Section 1.2.1, and are

7VHI values from M2 could equally be used as the correlation between VHI values across these two models
is high, R2 = 0.99.

8This regression method is the ‘two-step’ approach discussed in Section 4.3.4. Although method can lead
to biased parameter estimates as VHI values are assumed to be point estimates, this approach – rather than
creating a three-level hierarchical model – is undertaken for its simplicity.
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Figure 4.4: Spatial vaccine hesitancy trends across Nigeria reveal high hesitancy
in the north-Western states and in Ekiti Median vaccine hesitancy (obtained by taking
the median average of all individuals’ inferred VHI within each state) is shown for each of
Nigeria’s 37 states. Vaccine hesitancy is high in the north west: Kano, in particular, has
strikingly high hesitancy. Ekiti, in south-western Nigeria, has high hesitancy in contrast to
its neighbouring states.

further commented on in the discussion section of this chapter.
The results of the hierarchical regression in Equation (4.24) are displayed in Figure 4.5

A. The fixed-effect terms are shown as black dots with 95% HPD intervals; the variation in
random-effects across states are shown behind in grey.

Males in Nigeria are more likely than females to have lower VHI values (that is, they are
more hesitant towards vaccines) and there is a strong interaction effect between ethnicity
and sex. The precise nature of this relationship is somewhat obscured in Figure 4.5 A som
in Figure 4.5 B, the predicted distributions of males and females within each ethnicity are
displayed (all the other explanatory variables are held in their baseline groups). Within each
ethnicity, females are more likely to have higher VHI values than males and this interaction
effect is pronounced for the Hausa and Fulani/Peulh/Haalpulaar (FPH) ethnicities. Amongst
the FPH ethnicities, VHI values are low and there is a striking difference between males and
females. After controlling for a large range of factors, there is no strong association between
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Figure 4.5: A hierarchical regression with an extended set of explanatory variables
uncovers a strong relationship between vaccine hesitancy and ethnicity and sex
(A) Fixed- (black dots) and random-effect (grey dots) parameters of the hierarchical regres-
sion in Equation (4.24) with 95% HPD intervals for the fixed effects shown. Individuals
belonging to the FPH ethnicities who are religiously schooled are likely to be more vaccine
hesitant than those who are not religiously schooled. (B) The predicted distributions of hes-
itancy for different ethnicities and the two sexes (whilst holding other variables constant)
highlights the strong interaction effect between ethnicity and sex, with large differences in
vaccine hesitancy between the sexes in the amongst the FPH and Hausa ethnicities.

95



age and VHI, though there is some evidence to suggest that the 65+ age group has higher
VHI values than the baseline group. The strength of the age effect observed here is not as
strong as the models in the preceding section, which could be due to the larger number of
controlling factors. There is no evidence to support an interaction term between sex and
education, although larger samples within each state may yet reveal a sex-education trend.

Although religious schooling is not generally associated with low VHI values (after con-
trolling for other variables), those with religious upbringing in the FPH ethnicity higher VHI
values (lower vaccine hesitancy) than those without. This result is striking: the Fulani eth-
nicity is a large ethnic group in northern Nigeria and this result may suggest that religious
schooling may be a key contributing factor in individuals’ development of hesitancy towards
vaccines.

4.6 Discussion

In this chapter, we derive a quantitative index of vaccine hesitancy according to SAGE’s ‘3Cs’
definition [58]. Expressing hesitancy in this way allows a rigorous understanding of many
properties of vaccine hesitancy, for example: spatial trends in hesitancy can be established
and – when vaccine attitude data is routinely collected – we can quantitatively assess the
spatio-temporal dynamics of hesitancy, including how and why hesitancy spreads and pre-
dicting future levels. These analyses will better equip us to anticipate where and why gaps
in vaccination coverage will occur.

The vaccine hesitancy index is derived via Bayesian hierarchical item response theory:
low index values highlight hesitancy concerns, whilst high index values suggest strong trust
in vaccines and thus low vaccine hesitancy. This method simultaneously infers the VHI (our
marker for hesitancy) and allows for its regression against socio-economic determinants. We
use this index to investigate hesitancy globally, in the Sahel, and at the regional level in
Nigeria. Vaccine hesitancy is low overall in the Sahel (compared to the rest of the world),
with Mauritania the least hesitant country and Burkina Faso the most hesitant country in
the Sahel. Despite the high relative hesitancy of Burkina Faso to the rest of Sahel, hesitancy
is still low here compared to most other countries around the world (Figure 4.2). Similarly,
Nigeria performs well globally, but has a wide variability in sentiment. Northern Nigerian
states and Ekiti have very high hesitancy.

An investigation of the contribution to each survey question to vaccine hesitancy reveals
religious compatibility has a smaller effect (that is, a smaller discrimination) in determining
the rate of change of positive survey response with hesitancy than importance, safety, or
effectiveness (Figure 4.2). This difference implies that religious compatibility concerns were
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not as important as importance, safety, or effectiveness concerns in determining the latent
hesitancy variable. The difficulty parameters – which inform the degree of hesitancy expressed
for each survey question – reveal that vaccine safety is answered less positively by more
individuals than effectiveness (in turn, effectiveness is answered less positively than vaccine
importance). A vaccine hesitancy value in excess of 0.5 is associated with tend to agree or
strongly agree responses for vaccine importance, safety, and effectiveness; however, there are
moderate religious compatibility concerns around this value.

Variation in VHI values, given by Equation (4.22), is explained via a number of competing
structural equation models to seek a parsimonious way of explaining variance at the individual
and country levels. Models M2 and M4 are favoured. These two models explain the large
variability at the individual-level; model M4 also captures the large unexplained variance
amongst intercept terms (that is, model M4 models the difference amongst baseline groups
between each country). Being female, a housewife, belonging to an older age group, and
having a high level of education are associated with lower vaccine hesitancy values. Although
age was not found to be significant across each individual survey question in Section 3.4, it
is likely that income dominated the effect of age.

An investigation of country-level trends reveals a striking relationship between education
and vaccine hesitancy in Burkina Faso, Mali, Niger, and Senegal (Figure 4.3 A-B). In these
four countries, individuals with the highest education levels (undergraduate and postgraduate
degrees) are significantly more likely to be hesitant than those with low education levels
(primary education). However, globally, individuals with higher education levels are less
likely to be vaccine hesitant (Table 4.1). In addition to the association between education
and hesitancy, we also find that housewives are less likely to be vaccine-hesitant in Burkina
Faso, Mali, Niger, and Senegal (Figure 4.3 A).

Individuals’ VHI values in Nigeria are summarised and mapped in Figure 4.4. A high
degree of vaccine hesitancy (that is, low VHI values) is found in north west Nigeria with the
lowest rates in Kano and neighbouring states; hesitancy is low in the rest of Nigeria. These
hesitancy values coincide with vaccine-acceptance issues in Kano, Zamfara, and Katsina due
to drug-trial deaths and anti-vaccination messages from religious leaders [268,269]. The polio
vaccine was suspended in Kano, and similar bans were implemented in Bauchi, Kaduna, and
Zamfara [269]. Our inferred levels of hesitancy indeed indicate that Kano and Katsina have
amongst the highest hesitancy levels in Nigeria, but also that individuals in Zamfara are
less hesitant. Despite the ban in Bauchi, individuals do not seem to have acquired the same
high levels of hesitancy as in Kano and Katsina. Our results reveal the extent of vaccine
hesitancy in Nigeria and quantify the impact of Boko Haram, whose presence has led to the
murder of nine polio workers in 2013 and has raised fears over the safety of health-seeking
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behaviours [270].
A regression of individuals’ VHI values against an extended set of socio-economic vari-

ables (Section 4.5.4) reveals the importance of the interactions between sex and ethnicity,
and ethnicity and religion in determining levels of vaccine hesitancy. Males are more likely
to be hesitant than females, and this effect is particularly strong amongst the Hausa and Fu-
lani/Peulh/Haalpulaar (FPH) ethnicities (Figure 4.5 B). The Igbo, Yoruba, and other ethnic
groups are less likely to be hesitant than the FPH ethnicities. Of those in the FPH grouping,
religious schooling effects vaccine hesitancy: those without such schooling are more likely
to be vaccine hesitant. Hausa and Fulani ethnicities – who are the main ethnic groups in
northern Nigeria – have previously shown high levels of vaccine scepticism towards the polio
vaccine [240].

A key limitation of the data used in this chapter is that only four dimensions on attitudes
are surveyed; precluding, for example, an investigation of the extent to which intent to
vaccinate affects hesitancy. Additional survey questions could yield further insights into
the quantitative determinants of hesitancy and can be naturally incorporated into the item
response theory modelling framework. Indeed, an item response theory analysis on a large set
of variables putatively linked to hesitancy can reveal the most informative survey questions:
this could have cost-saving consequences for vaccine hesitancy monitors.

A key assumption in hierarchical item response theory is that of measurement invariance.
Measurement invariance assumes that the measurement instrument (in our case the four-
question vaccine attitude survey) exhibits cross-national equivalence [246]. In the context of
vaccine hesitancy, this assumption is required so that two individuals from different countries
with the same overall hesitancy reply in the same way to the survey questions. The absence
of standardising questions (for example on known behaviours of hesitancy such as previous
vaccine refusal) complicates our ability to verify this assumption, though there exist methods
to validate this assumption which should be applied [271].

In Chapter 5, in-depth descriptions of future analyses methods are provided and discussed
in terms of their relevance for public health research. We particularly stress the impact of
time-varying hesitancy models.

98



5 | Thesis summary and specific future
research avenues

Talk about events (7)

— Philistine, Guardian
crossword No. 26,815

5.1 Summary

Over the past few decades, there has been a shift in the primary barrier to vaccination uptake
from access to vaccines to vaccine hesitancy [238]. Although access is still the primary barrier
for millions of individuals, there have been significant increases in the number of parents
who are delaying or rejecting vaccines for their children in areas where vaccine are freely
available [272, 273]. Vaccine hesitancy is curtailing progress in immunisation programmes
and addressing hesitancy-based coverage gaps is a public health priority [153,154].

In this thesis a number of tools in applied mathematics, statistics, and machine learning
are used to enhance our understanding of the current global state of vaccine coverage and
hesitancy. In Chapter 2, we introduce the first national-level forecasts of vaccine coverage via
Gaussian process regression. From forecasts of coverage time-series we derive a vaccine per-
formance index: a measure of the ability of national immunisation programmes to maintain
and sustain high coverage. These forecasts and index are used – and can henceforth be used
– to evaluate the progress of immunisation goals such as those from WHO’s Global Vaccine
Action Plan [142]. We perform a large-scale correlative study into the strength of association
between coverage and socio-economic determinants. This is the first study to perform such a
broad analysis of the factors putatively linked to coverage. We identify several factors which
possibly limit vaccine coverage rates and find a declining strength of association between
coverage and socio-economic statistics in many regions. We speculate this decline could be
indicative of this shift away from access as the primary barrier.
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In Chapter 3 we use data collected from the largest survey on vaccine attitudes to date
to establish global perceptions on the importance, safety, and effectiveness and identify in-
dividuals who have religious compatibility issues. Countries are ranked according to their
overall level of sentiment towards each survey question and global attitudes to the safety of
vaccines are mapped to reveal the countries with safety-based concerns. A regression study
into the factors associated with these four attitudes uncovers individual- and country-level
determinants of vaccine attitudes.

In Chapter 4 we derive a measure of individual vaccine hesitancy. This index summarises
an individual’s overall vaccine views, and we propose that this measure can be interpreted as
vaccine hesitancy. This is the first attempt to quantitatively infer vaccine hesitancy accord-
ing to SAGE’s ‘3C’ definition [58]. We note that further questions relating to vaccination
confidence, complacency, and convenience – in particular those which relate to vaccination
intent – could reveal a more nuanced view of hesitancy. Nonetheless we have laid the ground-
work for further studies into the spatio-temporal properties of this important measure with
a sensible approach that can naturally incorporate further survey items.

The analyses in this thesis reveal valuable public health insights insights and build a
platform upon which research in a number of key areas can be developed. For example,
Gaussian process regression can be readily applied to sub-national immunisation rates. In
the USA and UK, for instance, the Centers for Disease Control [274] and Public Health
England [275] collect sub-national level immunisation data and WHO have recently published
sub-national immunisation data collected from other national health bodies [27]. In these
settings, we can begin to investigate regional goals, such as GVAP’s target of 80% coverage
at every sub-national district [142].

Models with higher predictive power can be sought by, for example, including SEFs and
auxiliary variables such as media sentiment. Social media has already been used to predict
flu epidemics [276], localise vaccination scares [277], and correlate sentiment with vaccine
coverage [278]. A further pressing analysis is to update our forecasts of vaccine coverage using
the latest coverage data and to compare the resulting VPIs with the national summaries
of vaccine hesitancy obtained in Chapter 4. This comparison will establish the utility of
Gaussian process forecasts in determining hesitancy, and can be used as a proxy for hesitancy
when survey data is not available.

In addition to analyses such as those outlined above, there are a number of novel math-
ematical modelling approaches that can yield greater insight into vaccine hesitancy and its
dynamics. These methods can provide answers to challenges 4 and 5 outlined in the Section
1.4.1. These proposed methods are:

• Hesitancy inference using non-survey data sources;

100



• Modelling the hesitancy-coverage link; and

• Identifying like-minded behavioural groups.

The first two of these proposed analyses are naturally linked: inference of historic hesitancy
levels enables an examination of the quantitative link between hesitancy and coverage. The
third proposed point involves modelling hesitancy as a discrete – rather than continuous (as
in Chapter 4) – latent variable. This method has the virtue that individuals clustered into
discrete groups might yield information on shared vaccination beliefs.

5.2 Specific future research

In the following two sections (5.2.1 and 5.2.2) I outline specific research directions which
follow from my thesis work and that I plan to pursue.

5.2.1 Hesitancy inference using non-survey data sources

In the preceding chapters, we sought to gauge global, national, and – in the case of Nigeria in
Chapter 4 – sub-national levels of vaccine hesitancy. Although the latent variable approach
in Chapter 4 offers the most direct way of obtaining vaccine hesitancy, historic levels are
unobtainable via this method as relevant survey data does not exist. In this section, I
outline how we can infer historic (and thus predict future) levels of vaccine hesitancy in the
total absence of survey data probing attitudes to vaccines. If successful, this method has
profound consequences for the quantification of past hesitancy, enabling it to be linked to
socio-economic factors and other auxiliary data such as anti-vaccination media campaigns
and health policies in a diverse range of settings (we estimate that we can achieve this in
dozens of LMICs).

We propose decomposing vaccine coverage into attitude and hesitancy which – as they
are unobserved – are to be modelled as latent variables. By doing this, we are able to
combine a range of factors linked to healthcare access to gauge an individual’s overall access
to immunisations. We suggest, then, that any residual variance in immunisation data after
controlling for access is vaccine hesitancy (see model below. We will use data from the
Demographic and Health Surveys (DHS) [279] to develop novel item response theory models
to achieve the goals set out above. DHS is a program collecting childhood immunisation data
and socioeconomic data (such as wealth, access to healthcare, socioeconomic status, religion,
to name a few) for individuals in about 90 LMICs. These data are collected at the district
levels within these countries.

Consider the following DHS variables:
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• Yi: a vector of individual i’s immunisation records for the vaccinations BCG, DTP1,
DTP2, DTP3, MCV, POL1, POL2, and POL3, where Yim 2 {0, 1} for m = 1, . . . , 8

and where 1 (0) denotes presence (absence) of a given vaccination;1

• Ai: a vector of discrete-valued data representing the amount of healthcare individual i
has received towards a certain healthcare-access-related variable. In the DHS dataset
there are multiple variables informative of an individual’s access to healthcare: for
example, birth location of child, number of pre/post-natal check-ups, and distance to
healthcare facility, to name a few (we estimate there to be about 20 healthcare-access-
related variables in total). Aip 2 {0, Kp} for p = 1, . . . , Np, where Np is the number of
access-related variables, each with differing number of possible levels Kp;

• ⇠i: healthcare access (a proxy for access to immunisations) for individual i (a latent
variable);

• ⌘i: vaccine hesitancy for individual i (a latent variable); and

• Xi: a vector of hesitancy-explaining variables.

We therefore seek to develop a model that simultaneously: infers vaccine access from
an individual’s healthcare variables; infers hesitancy given an individual’s access; and – like
our model in Chapter 4 – explains variance in hesitancy with variables putatively linked
to attitude. The primary motivating assumption in this model (as stated above) is that
vaccine uptake is determined solely as a combination of an individual’s access and hesitancy.
This assumption is based on SAGE’s definition of vaccine hesitancy as non-access barriers
to vaccination uptake [58]. A further important model assumption is that healthcare access
is used as proxy to immunisation access: while likely a good approximation, we will need to
substantiate this claim.

We therefore look to use the range of demographic factors to disentangle the effects of
access and hesitancy in determining an individual’s vaccination uptake behaviour. We here
provide an outline of this novel approach for a group of individuals, but we note that it
can easily be generalised to account for nested data structures, such as individuals within
districts or states.

We begin by noting that the joint distribution of the variables enumerated above is
proportional to the posterior distribution over the parameters of interest,

P (⌘i, ⇠i,✓|Yi,Ai) / P (Yi,Ai, ⌘i, ⇠i,✓),

1DTP2, POL1, and POL2 are, respectively, the second dose of the DTP programme, and the first and
second doses of the polio programme.
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where ✓ is some parameter set. The joint distribution can be expressed as,

P (Yi,Ai, ⌘i, ⇠i,✓) = P (Yi|⌘i, ⇠i,✓1)P (Ai|⇠i,✓2)P (⇠i)P (⌘i)p(✓1)p(✓2),

where ✓ is now decomposed into separate parameter sets ✓1 and ✓2. ✓1 will contain item
response parameters linking hesitancy and access to immunisation data, whilst ✓2 will con-
tain item response parameters linking access to healthcare variables. The first probability
distribution on the right-hand side models the relationship between immunisation data and
vaccine hesitancy and vaccine access (both to be treated as latent variables), whilst the sec-
ond uses healthcare to access variables to infer latent vaccine access. Thus, item response
theory models can be used in both of these distributions and our parameter set ✓ contains
item response parameters relating latent variables to observed data.

Individual-level access latent variables can be treated a nuisance parameter (as our pri-
mary focus is ⌘i rather than ⇠i). Access can therefore be marginalised out of the joint
distribution2, so that the final model can be written as,

P (⌘i,✓|Yi,Ai) /

Z
P (Yi|⌘i, ⇠i,✓1)P (Ai|⇠i,✓2)P (⇠i)d⇠i ⇥ P (⌘i)p(✓1)p(✓2). (5.1)

It is left to specify models for P (Yi|⌘i, ⇠i,✓1) and P (Ai|⇠i,✓2) (and prior distributions – but
we do not consider these further). We propose that P (Yi|⌘i, ⇠i,✓1) could be modelled as,

P (Yi|⌘i, ⇠i,✓1) ⇠ Bern
�
P (Yi = 1|⌘i, ⇠i,✓1)

�
,

where
logit

�
P (Yi = 1|⌘i, ⇠i,✓1)

�
= ↵⌘i + �⇠i,

that is, analogously to Equation (4.1), but with immunisation records depending on a linear
combination of access and hesitancy. Similarly, an item response model can be used for
P (Ai|⇠i,✓2) so that access can be both derived and item response parameters can be used to
establish the health variables strongly linked to access.

Covariates of hesitancy can be introduced by simply replacing ⌘i ! ⌘i|Xi in the prior
distribution for hesitancy in Equation (5.1) and using a structural equation model to capture
this dependency (as we did in Section 4.3.4).

There are three main modelling challenges in this analysis. Firstly, immunisation data is
often collected for children who are not yet eligible to receive further doses in a vaccination
programme (which constitutes a missing data hurdle); secondly (and related to the first

2We could of course return these latent variables, but information about the amount access variable p
relates to ⇠i is represented through item response parameters given in the parameter set ✓.
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Figure 5.1: Violation of the conditional independence assumption for immunisation
records Conditional independence typically assumed in item response theory models (see
Section 4.3.3) will be violated for individuals’ immunisation records where completion of
later doses is conditional on receiving earlier doses such as the DTP and polio immunisation
programmes.

modelling challenge), conditional independence will be violated for immunisation response
data since requiring latter doses is dependent on former completion (see Figure 5.1); and,
thirdly, time-variation in the model proposed above is required to provide temporal trends
and forecasts.

Modelling the hesitancy-coverage link
The goal of the research outlined above is to obtain a time-varying, state-level hesitancy
quantity ⌘j(t) (say, for state j). Once this quantity has been derived, it can be linked to state-
level vaccine coverage yj(t) (which is known) and we can attempt to model the interaction
between these two variables. We could, for example, develop models to infer local hesitancy
dynamics. That is, we could investigate the relationship ⌘j(t) ! ⌘j0(t0) and the impact on
coverage rates yj(t) ! yj(t0) (for states j, j0 and at times t and t0). This analysis could
lead to valuable lessons on the spread of hesitancy from sceptical clusters of individuals, for
instance, by investigating optimal vaccination interventions based on inferences made about
hesitancy spread and future coverage levels or the introduction of local measures of herd
immunity, based on local coverage-hesitancy dynamics.

We note that there have been many attempts to model how individual behaviour mod-
ulates vaccine uptake (see [280, 281] for overviews), including recent attempts to use social
media to capture vaccine sentiment and model measles uptake [277]. We hope that these
models could be furthered with our historic hesitancy inference or through survey-based
hesitancy measures introduced in Chapter 4.
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5.2.2 Identifying like-minded behavioural groups

In Chapter 2, item response theory is used to model vaccine hesitancy (as a continuous vari-
able) by which individuals (and countries) can be ranked. Although providing useful insights
into the relative level of hesitancy of each individual, modelling hesitancy as a continuous
trait may not be the optimal way to capture hesitancy. A complementary analysis, which
could provide an insight into how similar beliefs cluster, is to treat hesitancy as a discrete

latent variable. Modelling hesitancy in this way would allow individuals to be grouped ac-
cording to their ‘like-minded’ perceptions and behaviours. Latent class analysis [282] is the
discrete analogue to item response theory: we briefly outline this method here.

Latent class analysis
Latent class analysis (LCA) concerns the inference of discrete latent variables (latent classes)
from discrete multivariate data within a mixture model framework [283]. The goal of this
analysis is to classify individuals into discrete classes according to their multivariate vacci-
nation response data. Methods exist for inference of both ordinal [284] and nominal latent
classes [282]: we focus on the latter, which breaks the ordinality of hesitancy enforced by the
item response theory in Chapter 2.

Arranging the multivariate response data in the same way as in Section 4.3.3 (that is,
with Y = [Y1,Y2, . . . ,YN ]T as a matrix of individual items across all items), the likelihood
P (Y|✓) is again sought. In this modelling framework, the likelihood is given by,

P (Y|✓,⇡) =
NY

i=1

NcX

c=1

MY

m=1

✓mc,Yim⇡c, (5.2)

where the parameters of interest are ⇡ – which give the probability that any randomly chosen
individual belongs to a latent class c = 1, . . . , C – and ✓mck, which is the probability of a
specific item response given individual i’s membership to a latent class Ci,

✓mck = P (Yim = k|Ci = c), (5.3)

for k = 1, . . . , K (the number of polytomous responses), m = 1, . . . ,M (the number of
items), and c = 1, . . . NC , where NC is the number of latent classes [285]. The posterior
distribution may be again be specified through the inclusion of priors for ✓ and ⇡, which
we do not consider in detail here, but note that uninformative Dirichlet distributions would
likely be an appropriate prior choice. Inferences can then be made about the class assignment
probabilities and class membership for each individual. Dependency on covariates can be
introduced [285] and hierarchical generalisations can be made in a similar way to IRT.
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If fundamental characteristics of latent classes are determined, then opinion-modulating
intervention strategies could be designed and developed for each type of hesitant group. This
would provide novel insight into the nature of hesitancy and mechanisms to address it.

5.3 Final Thoughts

In this thesis we have considered global analyses of vaccine hesitancy and vaccine coverage
using a variety of large datasets. Although many of the key challenges outlined in Chapter 2
have been successfully met, we have noted several clearly delineated new research methods.
Included in these methods is the development of novel models to infer historic levels of
vaccine hesitancy. This research avenue is of particular importance as it permits a historical
assessment of hesitancy with respect to vaccine coverage, media sentiment, and national (and
sub-national) policy programmes.
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A | Appendix A

A.1 GAPMINDER and COVERAGE Data

A.1.1 Socio-economic factors

The 190 socio-economic factors used in the correlative study in Section 2.2.2 are listed in
Table A.1 with missing data statistics. The reduced set of socio-economic factors are shown
in the left-hand column with accompanying statistics – for each SEF – on: the number of
countries with greater than three data points (N>3), the number of countries with no data
(N0), and the average number of data points per country (A). For each SEF, we then display
– for each world region – the overall missing data percentage. (ALL = all regions; AFR
= Africa region; AMR = Americas region; EMR = Eastern Mediterranean region; EUR =
EURpean region; SEAR = South-East Asia region; WPR = Western Pacific region [169],
and see Appendix A.1.2).

These missing data statistics provide information on the nature of each time series. SEFs
such as child mortality (3) and mean years in school (91-96) have on average 28.4 and 24.9
time-series data points per country, respectively. However, many SEFs have high missing data
fractions, suggesting measurement at regularly-spaced intervals; for example, dollar billion-
aires (20), gasoline price (101), and population structures (339-366). (Numbers in parentheses
correspond to numbered SEFs in the table.) This variation in missing data structure requires
a sensible treatment of missing data.

A.1.2 WHO regional classifications

Countries are classified according to WHO regional groupings [169]. These groupings are as
follows:

Africa region (AFR)
Algeria, Angola, Benin, Botswana, Burkina Faso, Burundi, Cameroon, Cabo Verde, Cen-
tral African Republic, Chad, Comoros, Congo, Côte d’Ivoire, Democratic Republic of the
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missing data (%)

Socio-economic factor (SEF) N>3 N0 A ALL AFR AMR EMR EUR SEAR WPR

0 Children per woman (total fertility) 168 28 26.5 14.4 8.5 11.8 4.7 18.5 9.1 29.6
1 CO2 emissions (tonnes per person) 175 21 25.3 18.5 10.9 10.7 4.5 31.8 19.6 25.1
2 Income per person (GDP capita PPPD inflation adjusted) 181 14 28.0 9.8 6.5 2.9 6.0 18.9 9.1 8.7
3 Child mortality (0-5 year olds dying per 1000 born) 182 14 28.4 8.5 6.5 4.4 5.0 15.1 9.1 6.2
4 Life expectancy (years) 168 28 26.6 14.3 8.5 11.8 4.5 18.2 9.1 29.6
18 Aid received per person (current USD) 142 54 20.3 34.4 5.6 16.1 10.7 80.5 18.2 39.7
19 Aid received (% of GNI) 140 56 18.7 39.7 10.6 19.3 28.4 81.2 28.7 45.4
20 Dollar billionaires per million people 183 13 3.7 88.0 87.9 87.5 87.7 88.5 88.3 87.6
21 Average age of dollar billionaires (years) 183 13 3.7 88.0 87.9 87.5 87.7 88.5 88.3 87.6
22 Total number of dollar billionaires 183 13 3.7 88.0 87.9 87.5 87.7 88.5 88.3 87.6
26 GDP capita (USD inflation adjusted) 172 23 25.0 19.3 9.0 10.8 25.5 23.4 31.7 29.3
29 GDP capita growth over next 10 years 151 39 10.4 66.3 59.4 62.0 68.2 74.8 62.5 66.8
30 GDP capita growth (% per year) 178 18 25.6 17.6 11.5 4.3 26.5 23.2 23.5 23.8
33 GNI capita (Atlas method current USD) 175 21 23.6 23.9 11.5 12.0 29.3 32.3 33.1 35.2
34 GNI per capita (PPP current international D) 167 29 23.5 24.3 12.2 15.2 28.6 30.9 32.0 37.0
43 Inflation (annual p) 176 20 25.0 19.4 9.2 10.1 22.1 26.2 25.2 30.6
45 Investments (% of GDP) 167 28 23.6 23.9 19.0 5.5 28.3 28.9 24.6 41.7
47 Foreign direct investment net inflows (% of GDP) 174 22 23.9 22.9 14.3 4.8 20.8 37.4 35.5 27.4
56 Agriculture (% of GDP) 163 32 22.3 27.9 15.4 22.1 29.9 35.7 24.9 41.0
57 Industry (% of GDP) 169 27 22.9 26.0 16.7 16.9 37.1 31.4 23.2 34.9
58 Services (% of GDP) 168 28 22.8 26.5 16.7 16.5 36.8 33.3 23.2 35.2
59 Exports (% of GDP) 169 26 24.0 22.6 11.0 10.8 24.8 31.3 19.9 39.4
60 Imports (% of GDP) 170 25 24.2 22.1 15.2 5.6 28.2 31.1 18.8 32.7
62 Arms imports (USD inflation adjusted) 155 26 15.5 50.0 60.2 52.5 24.5 48.8 34.6 58.3
64 High technology exports (% of manufactured exports) 151 38 12.8 58.6 64.4 45.3 61.6 54.0 65.4 69.2
65 Merchandise trade (% of GDP) 173 23 24.6 20.7 10.9 4.2 19.9 36.2 27.6 24.6
67 Trade balance (% of GDP) 170 25 24.2 22.0 15.2 5.6 28.2 30.8 18.8 32.7
71 Military expenditure (% of GDP) 150 43 15.1 51.3 45.2 53.6 41.5 49.5 55.4 68.7
74 Ratio of girls to boys in primary and secondary education (%) 169 23 16.8 45.7 44.9 44.7 35.3 41.2 56.3 61.8
82 Children out of school primary 156 31 13.3 57.2 52.9 52.8 50.1 55.8 74.8 71.3
83 Children out of school primary female 150 33 11.0 64.6 57.4 61.9 58.7 63.5 78.9 82.0
84 Children out of school primary male 150 33 11.0 64.6 57.4 61.9 58.7 63.5 78.9 82.0
85 Primary completion rate total (% of relevant age group) 158 30 14.2 54.3 41.8 48.7 47.5 58.3 71.0 73.5
86 Primary school completion (% of boys) 154 33 12.7 59.0 44.2 56.7 50.4 63.9 78.0 76.6
87 Primary school completion (% of girls) 154 33 12.7 59.0 44.2 56.7 50.4 63.9 78.0 76.6
91 Mean years in school (women 25 years and older) 163 33 24.9 19.5 9.4 20.3 12.0 24.3 29.6 28.3
92 Mean years in school (men 25 years and older) 163 33 24.9 19.5 9.4 20.3 12.0 24.3 29.6 28.3
93 Mean years in school (women 25 to 34 years) 163 33 24.9 19.5 9.4 20.3 12.0 24.3 29.6 28.3
94 Mean years in school (men 25 to 34 years) 163 33 24.9 19.5 9.4 20.3 12.0 24.3 29.6 28.3
95 Mean years in school (women of reproductive age 15 to 44) 163 33 24.9 19.5 9.4 20.3 12.0 24.3 29.6 28.3
96 Mean years in school (women p men 25 to 34 years) 163 33 24.9 19.5 9.4 20.3 12.0 24.3 29.6 28.3
98 Energy use per person 153 42 19.2 37.9 55.5 26.1 14.8 29.0 33.4 61.2
101 Pump price for gasoline (USD per liter) 149 41 4.6 85.3 81.1 85.1 83.9 86.3 86.2 91.4
128 Flood deaths annual number 155 41 22.9 26.0 22.4 17.5 27.7 30.3 15.0 37.6
129 Storm deaths annual number 143 53 21.2 31.7 44.3 14.7 44.7 33.7 15.0 23.8
136 Flood affected annual number 155 41 22.9 26.0 22.4 17.5 27.7 30.3 15.0 37.6
137 Storm affected annual number 143 53 21.2 31.7 44.3 14.7 44.7 33.7 15.0 23.8
140 CO2 int of econ output (kg CO2 per 2005 PPP D of GDP) 169 27 22.3 28.0 21.4 13.1 31.2 38.2 28.2 35.0
142 Sulfur emissions per person (kg) 153 43 16.4 47.1 45.2 46.2 35.3 45.8 44.6 64.9
143 Yearly CO2 emissions (1000 tonnes) 171 25 24.7 20.3 13.0 13.6 8.9 33.0 19.6 25.1
144 Total sulfur emission (kilotonnes) 153 43 16.4 47.1 45.2 46.2 35.3 45.8 44.6 64.9
149 Forest coverage (%) 173 23 2.6 91.5 90.9 90.6 91.6 92.4 91.2 91.4
155 Agricultural land (% of land area) 178 18 25.4 18.2 11.2 6.1 9.4 34.0 12.0 22.9
158 Renewable water (cu meters per person) 161 35 4.7 84.8 82.7 83.5 81.8 86.8 82.4 89.2
159 Internal renewable water (cu meters per person) 160 36 4.7 84.8 82.7 83.5 82.7 86.6 82.4 89.2
167 Infant mortality (rate per 1000 births) 183 13 24.3 21.7 22.3 16.7 13.3 29.3 20.8 18.6
253 Total health spending (% of GDP) 144 52 11.7 62.3 59.6 59.3 63.6 63.4 67.2 65.7
254 Government share of total health spending (%) 178 18 14.4 53.7 51.4 53.2 50.9 55.0 57.8 56.0
255 Private share of total health spending (%) 178 18 14.4 53.7 51.4 53.2 50.9 55.0 57.8 56.0
256 Out of pocket share of total health spending (%) 140 56 11.3 63.6 52.5 92.4 50.9 63.4 57.8 60.0
257 Government health spending of total gov. spending (%) 178 18 14.4 53.7 51.4 53.2 50.9 55.0 57.8 56.0
258 Total health spending per person (international D) 178 18 14.4 53.7 51.4 53.2 50.9 55.0 57.8 56.0
259 Government health spending per person (international D) 178 18 14.4 53.7 51.4 53.2 50.9 55.0 57.8 56.0
260 Total health spending per person (USD) 176 20 14.2 54.2 51.4 53.2 50.9 55.0 67.2 56.0
261 Government health spending per person (USD) 178 18 14.4 53.7 51.4 53.2 50.9 55.0 57.8 56.0
262 Medical Doctors (per 1000 people) 174 20 11.5 62.9 76.3 69.4 64.5 41.1 69.2 71.8
264 Adults with HIV (% age 15 to 49) 138 52 15.0 51.6 41.2 45.6 62.8 51.3 44.0 71.8
273 Births attended by skilled health staff (% of total) 146 24 5.7 81.6 87.9 76.0 85.0 75.8 82.4 86.7
275 Maternal mortality ratio (per 100000 live births) 166 24 2.6 91.6 90.8 91.4 90.3 92.0 92.1 93.4
277 Maternal deaths lifetime risk (per 1000) 158 30 2.5 92.0 91.1 91.9 90.3 92.2 92.1 94.9
279 Suicide (per 100000 people) 179 15 8.9 71.2 89.4 63.0 87.0 48.1 89.1 77.1
281 Sugar per person (g per day) 159 37 19.1 38.3 27.1 21.7 46.8 48.9 34.0 52.2
282 Food supply (kilocalories person and day) 160 34 21.6 30.3 18.3 12.3 40.2 40.8 26.1 46.5
287 Body Mass Index (BMI) men Kg m2 178 18 26.3 15.0 12.4 9.2 10.7 21.8 15.0 16.8
288 Body Mass Index (BMI) women Kg m2 178 18 26.3 15.0 12.4 9.2 10.7 21.8 15.0 16.8
289 Blood pressure (SBP) men mmHg 178 18 26.3 15.0 12.4 9.2 10.7 21.8 15.0 16.8
290 Blood pressure (SBP) women mmHg 178 18 26.3 15.0 12.4 9.2 10.7 21.8 15.0 16.8
291 Cholesterol (fat) in blood men mmol L 178 18 26.3 15.0 12.4 9.2 10.7 21.8 15.0 16.8
292 Cholesterol (fat) in blood women mmol L 178 18 26.3 15.0 12.4 9.2 10.7 21.8 15.0 16.8
293 Infectious TB new cases per 100000 estimated 182 14 16.7 46.1 44.4 43.6 47.2 48.3 47.2 46.2
294 Infectious TB new cases per 100000 reported 182 14 12.7 59.0 60.1 55.4 59.2 60.9 57.2 58.1
297 Infectious TB detection rate (%) 177 19 12.4 59.9 60.8 57.3 59.2 62.2 57.2 58.3
298 Infectious TB detection rate (%) DOTS only 168 23 8.8 71.8 70.1 71.3 67.3 77.8 63.9 69.7
299 Infectious TB treatment (DOTS) completed (%) 165 27 8.2 73.6 70.7 73.2 68.9 80.6 64.5 72.2
300 TB programme (DOTS) population coverage (%) 182 14 10.8 65.3 66.4 64.0 64.7 65.8 63.3 65.0
301 All forms of TB new cases per 100000 estimated 182 13 16.7 46.1 44.4 43.6 47.2 48.2 47.2 46.2
302 All forms of TB existing cases per 100000 estimated 182 14 16.7 46.1 44.4 43.6 47.2 48.3 47.2 46.2
303 All forms of TB deaths per 100000 estimated 182 14 16.7 46.1 44.4 43.6 47.2 48.3 47.2 46.2
304 All forms of TB new cases per 100000 reported 182 14 24.5 21.1 22.4 14.6 24.2 22.6 23.2 20.2
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missing data (%)

Socio-economic factor (SEF) N>3 N0 A ALL AFR AMR EMR EUR SEAR WPR

309 All forms of TB detection rate (%) 177 19 11.1 64.1 65.0 63.5 63.0 65.6 60.7 62.7
310 All forms of TB detection rate (%) DOTS only 168 23 8.8 71.5 70.1 70.7 67.3 77.8 63.9 68.6
311 TB with HIV+ new cases per 100000 estimated 182 14 15.5 50.1 45.6 47.1 55.1 52.5 47.2 54.1
312 TB with HIV+ existing cases per 100000 estimated 182 14 15.7 49.4 45.6 47.1 51.5 51.3 47.2 54.1
313 TB with HIV+ deaths per 100000 estimated 150 46 13.7 55.9 48.1 53.9 59.2 57.2 47.2 69.9
324 Broadband subscribers (per 100 people) 178 18 9.4 69.6 70.6 66.6 69.1 70.1 67.7 71.7
326 Cell phones (per 100 people) 176 20 27.1 12.6 4.8 10.1 3.2 17.0 18.2 25.6
327 Fixed line and mobile phone subscribers (per 100 people) 176 20 22.6 27.1 21.6 19.5 22.1 33.3 24.0 38.6
329 Internet users (per 100 people) 176 20 15.5 50.1 48.9 47.4 47.2 48.5 53.4 59.6
331 Personal computers (per 100 people) 167 24 10.2 67.0 69.9 64.9 64.5 66.4 65.4 68.5
332 Improved sanitation overall access (%) 170 26 17.3 44.2 39.2 40.8 40.8 47.4 46.9 52.4
333 Improved sanitation urban access (%) 173 23 18.0 42.0 37.9 40.2 33.0 44.6 46.9 51.3
334 Improved sanitation rural access (%) 169 27 17.1 44.7 38.8 40.8 40.8 48.6 46.9 54.1
335 Roads paved (p of total roads) 156 26 9.8 68.3 71.7 65.7 63.3 66.8 69.2 72.8
336 Improved water source overall access (%) 174 22 17.9 42.3 38.5 42.3 39.3 44.8 46.6 44.2
337 Improved water source urban access (%) 177 19 18.6 40.0 37.2 39.1 34.2 42.3 44.6 44.2
338 Improved water source rural access (%) 171 25 16.8 45.8 41.1 44.8 41.9 48.4 49.0 51.6
339 Population aged 0 to 4 years both sexes (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
340 Population aged 5 to 9 years both sexes (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
341 Population aged 10 to 14 years both sexes (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
342 Population aged 15 to 19 years both sexes (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
343 Population aged 20 to 39 years both sexes (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
344 Population aged 40 to 59 years both sexes (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
345 Population aged 60+ years both sexes (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
346 Population aged 0 to 4 years (total number) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
347 Population aged 5 to 9 years (total number) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
348 Population aged 10 to 14 years (total number) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
349 Population aged 15 to 19 years (total number) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
350 Population aged 20 to 39 years (total number) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
351 Population aged 40 to 59 years (total number) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
352 Population aged 60+ years (total number) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
353 Population aged 0 to 4 years female (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
354 Population aged 5 to 9 years female (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
355 Population aged 10 to 14 years female (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
356 Population aged 15 to 19 years female (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
357 Population aged 20 to 39 years female (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
358 Population aged 40 to 59 years female (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
359 Population aged 60+ years female (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
360 Population aged 0 to 4 years male (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
361 Population aged 5 to 9 years male (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
362 Population aged 10 to 14 years male (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
363 Population aged 15 to 19 years male (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
364 Population aged 20 to 39 years male (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
365 Population aged 40 to 59 years male (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
366 Population aged 60+ years male (%) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
367 Population growth (annual %) 176 20 27.8 10.3 4.3 8.8 0.6 12.7 18.2 22.3
368 Crude birth rate (births per 1000 population) 168 28 5.1 83.4 82.3 82.9 81.5 84.2 82.4 86.4
369 Crude death rate (deaths per 1000 population) 168 28 5.1 83.4 82.3 82.9 81.5 84.2 82.4 86.4
370 Teen fertility rate (births per 1000 women ages 15 19) 180 15 17.1 44.8 54.8 43.1 49.4 30.7 54.3 50.5
372 Sex ratio (all age groups) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
373 Sex ratio (0 to 14 years) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
374 Sex ratio (15 to 24 years) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
375 Sex ratio (15 to 49 years) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
376 Sex ratio (above 50 years) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
379 Urban population (% of total) 176 20 27.8 10.2 4.3 8.8 0.0 12.7 18.2 22.2
380 Urban population growth (annual %) 176 20 27.8 10.4 4.3 8.8 0.6 13.3 18.2 22.2
381 Children and elderly (per 100 adults) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
382 Median age (years) 168 28 6.0 80.6 79.3 80.1 78.4 81.5 79.5 84.1
383 Population density (per square km) 178 18 28.2 9.2 4.3 8.8 0.0 12.7 18.2 14.8
386 Murder (per 100000 people) 180 15 9.5 69.5 88.9 57.6 86.4 46.9 85.3 76.5
388 Democracy score (use as color) 154 42 24.0 22.5 12.2 29.4 6.0 23.8 18.2 44.4
389 HDI (Human Development Index) 163 33 6.0 80.7 78.7 78.7 78.2 81.9 81.8 85.7
408 Aged 15 to 24 employment rate (%) 157 39 13.6 56.1 51.0 56.5 50.1 57.1 50.1 69.5
409 Aged 15+ employment rate (%) 157 39 13.6 56.1 51.0 56.5 50.1 57.1 50.1 69.5
410 Females aged 15 24 employment rate (%) 157 39 13.6 56.1 51.0 56.5 50.1 57.1 50.1 69.5
411 Females aged 15+ employment rate (%) 157 39 13.6 56.1 51.0 56.5 50.1 57.1 50.1 69.5
412 Males aged 15 24 employment rate (%) 157 39 13.6 56.1 51.0 56.5 50.1 57.1 50.1 69.5
413 Males aged 15+ employment rate (%) 157 39 13.6 56.1 51.0 56.5 50.1 57.1 50.1 69.5
414 Aged 15 64 labour force participation rate (%) 164 32 23.4 24.4 17.4 23.0 13.8 29.4 17.9 39.8
415 Aged 25 54 labour force participation rate (%) 164 32 23.4 24.4 17.4 23.0 13.8 29.4 17.9 39.8
416 Aged 15+ labour force participation rate (%) 164 32 23.4 24.4 17.4 23.0 13.8 29.4 17.9 39.8
417 Aged 65+ labour force participation rate (%) 164 32 23.4 24.4 17.4 23.0 13.8 29.4 17.9 39.8
418 Females aged 15 64 labour force participation rate (%) 164 32 23.4 24.4 17.4 23.0 13.8 29.4 17.9 39.8
419 Females aged 25 54 labour force participation rate (%) 164 32 23.4 24.4 17.4 23.0 13.8 29.4 17.9 39.8
420 Females aged 15+ labour force participation rate (%) 164 32 23.4 24.4 17.4 23.0 13.8 29.4 17.9 39.8
421 Females aged 65+ labour force participation rate (%) 164 32 23.4 24.4 17.4 23.0 13.8 29.4 17.9 39.8
422 Males aged 15 64 labour force participation rate (%) 164 32 23.4 24.4 17.4 23.0 13.8 29.4 17.9 39.8
423 Males aged 25 54 labour force participation rate (%) 164 32 23.4 24.4 17.4 23.0 13.8 29.4 17.9 39.8
424 Males aged 15+ labour force participation rate (%) 164 32 23.4 24.4 17.4 23.0 13.8 29.4 17.9 39.8
425 Males aged 65+ labour force participation rate (%) 164 32 23.4 24.4 17.4 23.0 13.8 29.4 17.9 39.8
441 Under five mortality from CME (per 1000 born) 182 14 28.3 8.6 6.5 4.4 5.0 15.1 12.0 6.2
442 Under five mortality from IHME (per 1000 born) 159 37 25.1 18.9 8.5 14.7 9.1 21.8 18.2 44.4
443 Old version of Income per person (version 3) 174 21 23.1 25.4 16.3 23.0 27.6 32.7 17.9 30.9
444 Old version of Income per person (version 8) 180 15 26.9 13.2 9.5 6.2 9.2 21.6 12.3 14.8
445 Alternative GDP capita (PPPD inflation adjusted) from PWT 160 32 18.6 40.0 30.4 35.3 43.3 49.0 36.1 42.9
446 Subsistence incomes per person 181 14 27.1 12.7 9.5 6.2 9.2 21.6 12.0 11.2

Table A.1: Reduced set of SEFs Reduced SEFs as described in Section 2.2.2; SEFs high-
lighted grey are found to have the strongest correlations with DTP3 coverage.
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Congo, Equatorial Guinea, Eritrea, Ethiopia, Gabon, Gambia, Ghana, Guinea, Guinea-
Bissau, Kenya, Lesotho, Liberia, Madagascar, Malawi, Mali, Mauritania, Mauritius, Mozam-
bique, Namibia, Niger, Nigeria, Rwanda, Sao Tome and Principe, Senegal, Seychelles, Sierra
Leone, South Africa, South Sudan, Swaziland, Togo, Uganda, United, Republic of Tanzania,
Zambia, Zimbabwe.

Americas region (AMR)
Antigua and Barbuda, Argentina, Bahamas, Barbados, Belize, Bolivia (Plurinational State
of), Brazil, Canada, Chile, Colombia, Costa Rica, Cuba, Dominica, Dominican Republic,
Ecuador, El Salvador, Grenada, Guatemala, Guyana, Haiti, Honduras, Jamaica, Mexico,
Nicaragua, Panama, Paraguay, Peru, Saint Kitts and Nevis, Saint Lucia, Saint Vincent
and the Grenadines, Suriname, Trinidad and Tobago, United States of America, Uruguay,
Venezuela (Bolivarian Republic of).

Eastern Mediterranean region (EMR)
Afghanistan, Bahrain, Djibouti, Egypt, Iran (Islamic Republic of), Iraq, Jordan, Kuwait,
Lebanon, Libya, Morocco, Oman, Pakistan, Qatar, Saudi Arabia, Somalia, Sudan, Syrian
Arab Republic, Tunisia, United Arab Emirates, Yemen.

EURpean region (EUR)
Albania, Andorra, Armenia, Austria, Azerbaijan, Belarus, Belgium, Bosnia and Herzegov-
ina, Bulgaria, Croatia, Cyprus, Czech Republic, Denmark, Estonia, Finland, France, Georgia,
Germany, Greece, Hungary, Iceland, Ireland, Israel, Italy, Kazakhstan, Kyrgyzstan, Latvia,
Lithuania, Luxembourg, Malta, Monaco, Montenegro, Netherlands, Norway, Poland, Por-
tugal, Republic of Moldova, Romania, Russian Federation, San Marino, Serbia, Slovakia,
Slovenia, Spain, Sweden, Switzerland, Tajikistan, The former Yugoslav Republic of Macedo-
nia, Turkey, Turkmenistan, Ukraine, United Kingdom, Uzbekistan.

South-East Asia region (SEAR)
Bangladesh, Bhutan, Democratic People’s Republic of Korea, India, Indonesia, Maldives,
Myanmar, Nepal, Sri Lanka, Thailand, Timor-Leste.

Western Pacific region (WPR)
Australia, Brunei Darussalam, Cambodia, China, Cook Islands, Fiji, Japan, Kiribati, Lao
People’s Democratic Republic, Malaysia, Marshall Islands, Micronesia (Federated States of),
Mongolia, Nauru, New Zealand, Niue, Palau, Papua New Guinea, Philippines, Republic of
Korea, Samoa, Singapore, Solomon Islands, Tonga, Tuvalu, Vanuatu, Viet Nam.
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A.1.3 Socio-economic factor imputation

The GAPMINDER dataset introduced in Section 2.2.2 comprises 36,100 socio-economic time-
series data (190 SEFs and 190 countries). The primary challenge in imputing these time-series
data is that the missing data fraction varies across time-series and that some time-series have
no values whatsoever (see Table A.1). Without imputation, pairwise deletion [171]1 would be
required when calculating Spearman’s rank between two vectors and this approach hinders
our ability to provided unbiased estimates [172]. Therefore, instead of deleting missing data,
we show how a combination of missing data methods can provide robust estimates of the
time-varying Spearman’s rank correlation (the quantity of interest; Equation (2.13)). In the
rest of this section, it is instructive to define two matrix representations of the same socio-
economic data to more easily explain the different imputation methods considered. The
‘country-year’ formulation is a matrix of data Xct,s, where rows represent country-years and
columns represent socio-economic variables, c = 1, . . . , 190, t = 1, . . . , 31, and s = 1, . . . , 190.
The ‘time-series’ formulation contains the same information but in a matrix X 0

cs,t so that
each row of the matrix contains the full time-series for socio-economic factor s and country
c. The following imputation methods are considered.

Mean replacement (MR) Mean replacement replaces all missing points in a time-series
with the mean value across all points that are present [171].

Linear interpolation and 2-point/6-point/all-point extrapolation (L2, L6, LA)
The linear interpolant is used between any two points which contain missing data between
them. Extrapolation is based on a linear fit to the most recent two (2-point), six (6-point), or
all (all-point) data points. Interpolation is performed first such that the extrapolation may
use interpolated points [173].

KNN imputation KNN imputation differs from MR and linear interpolation methods in
that it does not impute a missing data point using data from that same time-series. Instead,
KNN imputation averages over the K ‘nearest’ rows in the matrix X and replaces missing
values in a given row (country-year) with an average of K corresponding values across the K

nearest-neighbour rows [174]. K is a parameter to be learned. A common implementation of
KNN imputation is to only allow missing values to be replaced from rows with no missing
values [174,175]; however, only a small fraction of rows are complete cases in the GAPMINDER
dataset, and so we allow any country-year (row) to be utilised in the distance calculation

1In the case of seeking correlations between two variables, pairwise deletion is the deletion of an entire
data point if at least one variable has a missing value.
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between two rows, so long as it contains a corresponding value for the target. We account
for distances calculated between rows with large missing data fractions by adding a small
penalisation term to the (Euclidean) distance between rows by multiplying the Euclidean
distance by

p
(p/p⇤), where p is the total number of socio-economic factors (rows) and p⇤ is

the number of non-missing instances in each row. Data across each SEF is linearly scaled to
the [0,1] interval before applying KNN imputation.

To test imputation methods, we generate a data matrix C with no missing values from the
complete matrix X 0. Missing values are generated in this matrix according to the structure
of real missing data in Table A.1. We model the missing data structure in the full time-series
matrix X 0 by forming the 190 by 190 matrix P whose entries are given by

Pcs =
1

31

31X

t=1

MX0

cs,t, (A.1)

where MX0 is a missing data indicator matrix for X 0 (that is, MX0
cs,t = 1 if X 0

cs,t is missing
and 0 otherwise). P corresponds to the fraction of missing data for country c and factor s.
(We assume here that each data point in a socio-economic factor time-series is equally likely
to be missing). A random sub matrix of P (of dimension equal to the dimension of C) is
generated, and missing values are inserted into C according to,

MC
cs,t =

8
<

:
1 if Ucs,t < Pcs

0 otherwise

where MC is a missing data indicator matrix for C, and Ucs,t ⇠ U(0, 1), and where U has
the same dimension as C. This method allows us to recover an instance of the missing data
structure in X 0 as the sampling will induce a correlation structure between missing data
values between SEFs and country-years.

Imputation performance of each method is evaluated (on each datapoint) by introducing
a normalised absolute error (NAE),

✏cs,t =

�����
Ccs,t � Ics,t
1
ns

P
c,t Ccs,t

����� , (A.2)

where I is the matrix of imputed values and where we only consider errors ✏ on imputed
values. The denominator is the mean value of SEF s (ns is the number of non-missing data
points for SEF s). This error metric allows us to compare errors both between socio-economic
factors (which may have different scales) and within scales (which might also vary between
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several orders of magnitude). For KNN imputation the matrix C is first z-scored and then
values are rescaled to their original values. The procedure outlined above is repeated 20
times to ensure we obtain fair estimates of errors, since the mechanism above may result in a
high fraction of missing data for a given SEF which will increase the error estimates for this
factor.

A.1.4 Imputation results

Linear interpolation with 2-point extrapolation is found to be the optimal imputation strategy
when the number of missing data points is at least two and mean imputation is preferred to
KNN when there is only one data point. The median across all NAE errors for these methods
are displayed as a function of the fraction f of non-missing time-series data in Figure A.1
A. Errors increase as the number of missing data points increase. For KNN imputation,
we train over the optimal value of K for when there are zero and a non-zero number of
missing data points per time-series. We find that K = 1 is optimal when there is at least
one missing data per time series (which is most likely a model implementing ‘last observation
carry-forward’ imputation see, for example, [286]), and K = 40 optimal when all time-series
data are missing. This larger value suggests that when there are no missing data, it cannot
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Figure A.1: Linear interpolation and extrapolation outperforms KNN imputation
and mean imputation for the GAPMINDER dataset (A) Linear interpolation with extrapo-
lation using the two most recent data points outperforms all other methods when the fraction
of non-missing time-series data is greater than 1/31. Mean replacement outperforms the op-
timal KNN method when there is one time-series datum (f = 1/31) and KNN is the only
method considered when f = 0. (B) Error distributions for the optimal method are highly
skewed, but suggest that most imputed values have a low error, but there are also some very
large errors.
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simply ‘carry-one-forward’ from time-series values in that given time-series, and relies on
an average over many country-years. The median error is used since error distributions are
highly skewed across imputation methods (Figure A.1 B).

There often exist many orders of magnitude between the observed and imputed values in
the test matrix C (Figure A.2 A). In KNN imputation the imputation error increases with
the number of missing values in a country-year row (Figure A.2 B). By choosing to consider
country-years with above a threshold value of present data values we can limit the KNN
imputation error. This error increase is because there are fewer values used in the calculation
of the Euclidean distance between country-years (Figure A.2 C). Large imputation errors are
also associated with SEFs whose time-series are prone to sudden, large jumps; for example,
factors relating to natural disasters (127,128,136,137), inflation (43), and GDP growth (30)
(Figure A.2 C). Factors which vary more smoothly over time such blood pressure or education
levels have much lower errors (Figure A.2 C).

Although KNN imputation is associated with large imputation error in some cases, the
combined method overall compares favourably to a pairwise deletion approach (see Section
A.1.5). Examples of KNN imputed time-series are shown in Figure A.3 A. In Figure A.3 B,
example time-series are shown for food supply (282) which use L2 imputation.

Many SEFs with large prediction error were identified in the imputation testing process.
The raw dataset X contains more SEFs, and many of these we believe will also be associated
with large error. These SEFs are not removed from our analysis, but rather we make a note of
these SEFs in the case that they correlate strongly (and significantly) with vaccine coverage.
However, this was not found to be the case. Since KNN error increases with the fraction of
missing data in a given country-year, data is not imputed (by KNN) when there exists more
than 50% missing data values in a given country-year. Example KNN imputations for income
per person (3) for a random selection of countries are shown in Figure A.3 A demonstrating
the utility of KNN imputation.

The optimal value of K (K = 40) when f = 0 is in keeping with the recommendation
of using K =

p
nobs [287], where nobs = 1669 is the number of cases (rows) used in the

imputation method C. We thus increase this value to K = 80 for KNN imputation of the
matrix X as we have 6076 rows.

As outlined in the main text (Section 2.2.2), the GAPMINDER data has a missing data
fraction of 48.4%, which is reduced to 9.5% after we apply the combination imputation
method. Of the data that is imputed, most of it (87.9%) is by linear interpolation (and of
which a very large proportion – 91.0% – have greater than five data points per time series,
so we can expect a very small imputation error); a very small amount of time-series have one
data point and are thus imputed by mean-replacement (0.02% of the total imputed); and
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the remainder (12.1%) is KNN imputed. After imputation, there are a total of 23 countries
which have no time-series data for at least one socio-economic factor (the mean number of
socio-economic factors missing for these countries is 153), including six which have no data
for any SEF (denoted R in the following list): Andorra, Brunei Darussalam, Central African
Republic, DR Congo (R), Cook Islands, Czech Republic (and Czechoslovakia), Dominican
Republic, Ivory Coast (R), Marshall Islands, Monaco, Nauru, Niue, occupied Palestinian
territory (R), Republic of Moldova (R), Russia (and former USSR), Saint Kitts and Nevis,
San Marino, Slovakia, Timor Leste (R), Tuvalu, Yemen. Countries with no data for any SEF
are removed from the analysis: as these countries are from a range of WHO regions, we do
not expect any noticeable bias to be introduced from the omission of these countries.

Figure A.2: Overall imputation error varies by SEF and KNN-imputation error
increases with fraction of missing data in a country-year. (A) Scatter plot of imputed
values versus real values for our clean matrix C. (B) Median error increases with the number
of missing data values in a country-year for KNN imputation. (C) Box and whisker plots for
all errors across all SEFs in our test matrix C: factors prone to sudden jumps in value have
larger median errors. (The x-axis has been cut off at 10�10 for clarity.) Numbers refer to the
SEFs referenced in Table A.1.
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Figure A.3: Example imputations using KNN and L2 imputation. Time-series from
the clean data matrix C have missing values generated according to the process as described
in the text. (A) KNN imputed values are shown for the SEF income per person (3). (B)
Imputed values are shown from the L2 interpolation method for the SEF food supply (282).
The green time-series corresponds to the clean data from C; red-squares denote imputed
values; and blue-squares are the data that remain after generating missing values in C. The
mean NAE error for each time-series is shown.
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A.1.5 Test correlation study

A test correlation study is implemented to compare our L2+MR+KNN imputation method to
pairwise deletion. In calculating the correlation between two variables, pairwise deletion will
remove a data point if either one of the data is missing [171]. The correlation study replicates
the time-varying correlation study introduced in Section 2.3.3. Specifically, we calculate the
time-averaged Spearman’s correlation given by Equation (2.13) for our imputation method
compared to pairwise deletion. The correlation is calculated over the years 1980-2010 (to
observe historic trends) and 2001-2010 (to observe recent ones). As in the main text, the
statistic is only calculated when there exist at least eight data points (in our test data set C,
this means that only three WHO regions have data available).
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Figure A.4: Time-averaged Spearman’s rank values are robust to imputation of
large numbers of missing data values (A) For each WHO region present in our imputed
data matrix we display the true and predicted Spearman’s rank values calculated on the
clean data C. (B) The true value of the statistic is also plotted against values obtained from
pairwise deletion of data in C.

We calculate the difference between the true time-averaged correlation and that calcu-
lated using imputed data. We report absolute mean differences (and standard deviations) in
statistic values of .03±.06 for AFR, .05±.04 for AMR, and .06±.06 for EUR for data between
1980 and 2010 and .05 ± .09 for AFR, .08 ± .07 for AMR, and .06 ± .06 for EUR for data
between 2001 and 2010. In comparing the true value of ⇢̄ to the pairwise deletion-predicted
value, we report absolute mean differences (and standard deviations) in statistic values of
.06± .07 for AFR, .08± .07 for AMR, and .12± .11 for EUR for data between 1980 and 2010
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and .06 ± .09 for AFR, .11 ± .10 for AMR, and .09 ± .11 for EUR for data between 2001
and 2010. These results indicate the improved accuracy of our imputation method versus
pairwise deletion.

To observe differences between the accuracy of pairwise deletion versus our combined
approach, we display scatterplots between the true statistic value and the value obtained
from an imputed data set (Figure A.4 A) and between the true statistic value and the value
obtained from pairwise deletion (Figure A.4 B). These results highlight the problematic
approach of pairwise deletion and underlines the robustness of our statistic of interest to our
imputation method.

A.2 Coverage correlations with socio-economic factors supporting
material

A.2.1 Multiple hypothesis correction using meta p-values

A total of 5,890 (190 SEFs ⇥ 31 time points) individual correlations are performed for each
region and so a multiple hypothesis testing approach needs to be applied to control for
the simultaneous correlations. A procedure such as Bonferroni correction will apply a large
correction to p-values since each p-value is multiplied by the number of tests [190]. This
correction will be unnecessarily harsh since we know that data from successive years is corre-
lated: we are thus overstating the number of independent hypotheses by using conventional
Bonferroni correction to correct for correlations.

To address this concern, we consider a meta p-value approach for combining dependent p-
values which we adapt from Delongchamp et. al. [192] and which accounts for the correlation
structure amongst p-values which is present when considering averages of correlations of vari-
ables dependent throughout time. The meta p-value – described below – may be interpreted
as an overall significance level for a set of p-values from correlated observations. After these
meta p-values have been calculated for each correlation of coverage against socio-economic
(within each region and over time), a Bonferroni method can then be used to control for
multiple hypothesis amongst this smaller set of p-values.

Meta p-values
Under the null hypothesis, the p-value for a test statistic follows a U(0, 1) random [192], and
thus it can be transformed to a standard normal random variable using the inverse cumulative
normal distribution function zi = ��1(1 � pi). When there exists a correlation structure
between p-values, we can assume that z ⇠ N(0, R) under the null hypothesis, where R is the
correlation matrix between the z-transformed p-values [192]. We can then obtain an overall
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significance level for the set of p-values by forming the test statistic T =
Pm

i=1 zi/
p

1TR1,
where 1 = (1, 1, . . . , 1)T . R is unknown and rather than estimate R from the specific type
of data as suggested in [192], we instead estimate R by bootstrapping a number of p-values
from the raw data and then estimate the covariance of the z-transformed values. The overall
p-value is then obtained from P = 1� �(T ) and multiplied by 190 to Bonferroni correct for
the number of socio-economic factors. These meta p-values are displayed Figure 2.5 in the
main text.

A.2.2 Selection of SEFs for Figure 2.5

To restrict the number of socio-economic factors we consider in our comparative analysis
between socio-economic factors across time and between WHO regions, we choose the top-ten
correlating SEFs in each region and for each time-period over which our Spearman statistic
is calculated (as described in Section 2.3.3). We provide more explicit details of this selection
method here.

A top-ten correlating list of SEFs with Bonferroni-corrected meta p-values of less than
0.01 is obtained. During this process, many factors appear in the agglomerated list more than
once; furthermore, these lists contain factors which are almost identical to each other, for
example, income per person (2) and GD% per capita (26) and, when this is the case, we only
include one of the two. Moreover, for utility of comparison, we include some factors which
have a natural counterpart, and are thus useful for comparison; for instance, water access:
urban (337) is added for contrast with the other water and sanitation variables. In total
for DTP3 we remove factors which are replicated for GDP and GNI (26, 34, 444, 445, 456),
primary education (74), child death and maternal mortality (277, 370, 441, 495, 508), cell phones
(326), and population age distributions (108-111, 113, 122, 128) which can be summarised
by median age (382). We include the following factors as they provide useful comparison to
included factors with high correlation and significance: primary completion male (86), improved
sanitation access overall/rural (332/334), and improved water access urban (337). We do not go
through the same process as described above for each of the other vaccines (whose correlations
are displayed in Supplementary Figures A.5 and A.6). However, we list here correlates within
the agglomerated top-ten list which differ from DTP3. BCG: Dollar billionaires per million
(20), Total health spending per person (260), Blood pressure women (290), All forms TB death
per 100000 (303), Children and elderly per 100 adults (381), human development index (HDI)
(389); DTP1 no differences; MCV Mean years in school (women to men) (96), energy use per
person (98), CO2 intensity of economic output (140), total health spending (253), Out of pocket
share of total health spending (256), HDI (389); POL3 All forms of TB deaths per 100000 (303),
15-24 employment rate (male) (412). (Numbers refer to variable definitions in Table A.1).
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A.2.3 Time-varying correlations of BCG, DTP1, MCV, POL3

The correlative study performed in Section 2.3.3 is repeated here for the vaccination pro-
grammes DTP1, MCV, POL3, and BCG. Following the same process as outlined in this
Section, Figure 2.5 is repeated for the BCG and DTP1 vaccines in Figure A.5 and for the
MCV and POL vaccines in Figure A.6.

The following differences between these figures and the main-text figure are now high-
lighted. The effect of public health spending and access to sanitation in South-East Asia,
which was moderate for DTP3, was very high and often increasing for other vaccines. Another
observation was that the Eastern Mediterranean, where we recorded stable or decreasing cor-
relations with several socioeconomic factors for DTP3, instead showed increasing links with
all factors (except investments) for BCG. The Americas, which had decreasing correlations
for most factors with DTP3, showed decreases to almost EURpe-like absences of coverage
correlation in DTP1 and MCV, although all other regions and factors had similar patterns for
DTP3 and MCV coverage. EURpe is broadly the same across all vaccines except BCG, for
which correlations seem to be negative between factors such as government health spending,
sanitation access, income, and BCG coverage.
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Figure A.5: Historic and recent best-performing correlates with BCG and DTP1
coverage Time-averaged Spearman’s rank correlation values between socio-economic factors
and BCG (A) and DTP coverage (B).
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Figure A.6: Historic and recent best-performing correlates with MCV and POL3
coverage Time-averaged Spearman’s rank correlation values between socio-economic factors
and MCV (A) and POL3 coverage (B).
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A.3 Vaccine performance index supporting material

A.3.1 Gaussian process forecast performance

The accuracy of Gaussian process regression forecasts of coverage data is compared to linear
regression. The best linear regression model for coverage time-series data was found to use
5 prior coverage points to fit to a future point. The Gaussian process regression (GPR)
forecast method was found to have an RMSE of 5.5 compared to 6.7 for the benchmark
linear regression model.

To visualise the predictive accuracy of GPR, we trained the GPR model on time-series
of length 20 across all countries and predicted the 21st data point for the years 1980-1999
through to 1993-2012. These predictions are shown in Figure A.7 below.
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Figure A.7: Forecast accuracy of Gaussian process regression Observed versus pre-
dicted values of the Gaussian process method as described in Section 2.3.1 shows good pre-
diction accuracy across all DTP3 values.

A.3.2 Alternative forms of the Vaccine Performance Index

A strength of the index structure that we propose in the main text is its flexibility. We have
chosen a weighting of terms congruent with our picture of desirable vaccination characteris-
tics; readers and policymakers focussed on different aspects of vaccine coverage can re-weight
these terms to, for example, focus more strongly on avoiding sudden drops in coverage. To
illustrate this re-weighting potential, we consider the alternative indices obtained when set-
ting d = 5 and d = 0 (with ⌫ = 95 and ⌧ = 1, as before) in Equation (2.11) in the manuscript
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for DTP3 coverage. In addition, we also consider only the second term of Equation (2.11),
setting d = 0, to investigate the probability of a forecasted drop to coverage.

These indices are compared in Figure A.8. Each alternative index is plotted against the
original VPI suggested in the manuscript (Equation (2.11) with parameters d = 2, ⌧ = 1,
and ⌫ = 95) to forecast (and thus obtain a VPI value) for coverage in 2013. In Figure A.8
A and B we display the two alternatives to the VPI in 2013 with d = 5 (A) and d = 0 (B),
referring to the former as P (> 95)�P (drop > 5) and the latter as P (> 95)�P (drop). Each
country’s data point is coloured by the WHO region and we label the two countries in each
region which see the biggest shift between original VPI – denoted ‘VPI’ in Figure A.8 – and
the alternative. (We plot DTP3 coverage time-series of these twelve countries for the first
two alternatives in Figure A.9). In Figure A.8 A, we see that using an increased value of a
drop serves to increase the VPI values of all countries, with notable increases for countries
with lower VPI values, resulting in a tighter grouping of these countries. In Figure A.8 B,
however, we observe the opposite effect: rather than an increased similarity of VPI values
for many countries, we see that countries with VPI values around +1 now have a range of
values under the alternate scheme. Although this may seem beneficial – that there are now
a range of values for a group of countries with similarly high VPI values – this alternative
formulation causes harsh punishment of countries with high (e.g. with coverage greater than
95%) but steady (e.g. with high probability of obtaining a value at least as big as the previous
year) coverage. This punishment arises as, under the Gaussian process model, countries with
stable coverage will have a roughly 50% chance of any drop. This is readily evidenced for
Finland and Sweden, two countries with exemplary DTP3 coverage rates (Figure A.9 B).
This drop in value is – in the case of Sweden and Finland – due to stable coverage levels
which result in a symmetric Gaussian probability density over the forecasted point, resulting
in a roughly 50% change of drop (despite a low variance). This is motivation for the choice
of drop parameter d = 2, which does not unfairly punish countries with optimal time-series
properties, nor bunches together countries with different time-series properties, as is the case
if we increase the value of d above 2.

In Figure A.8 C, we display the original VPI against the probability of a drop between 2012
and 2013 under our Gaussian Process fit. Interestingly, we find that most of the correlation
structure is broken, since countries are now no longer rewarded for having high coverage (as
they were under the previous schemes), and countries are simply identified by the probability
of a drop in coverage. We see clearly that there are a number of EURpean countries which
have a large probability of a drop, suggesting either high but volatile coverage, or high but
decreasing coverage (or, as previously mentioned, stable coverage rates with an equal chance
of increase and decrease).
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Figure A.8: Possible alternatives for the Vaccine Performance Index reveal sensi-
tivity to drop parameter values VPI values are sensitive to values of the drop parameter
d in Equation (2.11). (A) Increasing the value of the drop parameter to d = 5 results in
higher index values for all countries compared to the original VPI (VPI). (B) Allowing d = 0
in Equation (2.11) – resulting in a term representing the probability of a drop of any size
– has the effect of decreasing the index values for all countries, including large increases for
many countries with with an original VPI value of ⇠ +1. This is an undesirable effect since
these countries have stable coverage rates. (C) The probability of a drop P(drop) against
our original VPI.

In Figure A.9, we display those countries which have the biggest difference between al-
ternate and original VPI. In comparing the original index with the alternative when d = 5,
we see that the biggest movers are countries with high recent variability in DTP3 coverage,
and thus have a large probability of a drop in DTP3 coverage from the most recent training
point (2012) to 2013 (Figure A.9 A). This set of countries may be interpreted as the most
volatile that are also most in danger of not reaching the ⌫ = 95% threshold. In Figure A.9
B, we display the biggest movers for the second alternative VPI when d = 0, we see that
most countries would be unfairly punished by this alternative form of VPI, since a time-series
with zero gradient would result in a predictive distribution symmetric about the most recent
coverage point. This, in turn, results in a roughly evens chance of a drop in coverage. Our
original form of the VPI with d = 2 mitigates this.

A.3.3 Vaccine performance index values

Vaccine performance index values for the parameterisation ⌫ = 95%, d = 2, and ⌧ = 2

as shown in Figure 2.3 are tabulated here. VPI values for 2001, 2005, 2009, and 2013 are
provided.
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Figure A.9: Time-series of countries with the biggest difference between alternative
and VPI values (A) Those countries with the biggest difference (two from each WHO
region) for our first alternative (with d = 5) and (B) for our second alternative (with d = 0).
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AFR 2001 2005 2009 2013

Algeria -0.01 -0.09 -0.38 0.46
Angola -0.15 -0.19 -0.73 -0.22
Benin -0.19 -0.34 -0.19 -0.30
Botswana 1.00 0.94 0.96 0.92
Burkina Faso -0.15 -0.62 -0.31 -0.11
Burundi -0.32 -0.34 0.28 0.76
Cameroon -0.21 -0.18 -0.17 -0.03
Cape Verde -0.03 0.06 0.98 0.19
CAR -0.20 -0.36 -0.54 -0.22
Chad -0.30 -0.19 -0.21 -0.38
Comoros -0.45 -0.39 -0.63 -0.53
Congo -0.26 -0.11 -0.46 -0.53
Cote d’Ivoire -0.22 -0.16 -0.06 -0.39
DRC -0.44 -0.58 -0.19 -0.21
Equat. Guinea -0.84 -0.42 -0.54 -0.52
Eritrea -0.31 0.81 0.58 0.62
Ethiopia -0.45 -0.28 -0.45 -0.32
Gabon -0.17 -0.24 -0.19 -0.65
Gambia -0.21 -0.26 0.42 0.96
Ghana -0.01 -0.06 -0.05 0.02
Guinea -0.32 -0.21 -0.22 -0.26
Guinea-Bissau -0.39 -0.38 -0.43 -0.32
Kenya -0.15 -0.21 -0.43 -0.54
Lesotho -0.56 -0.47 -0.02 0.34
Liberia NaN -0.97 -0.45 -0.65
Madagascar -0.14 -0.00 -0.73 -0.24
Malawi -0.32 -0.23 -0.11 0.18
Mali -0.40 -0.24 -0.23 -0.18
Mauritania -0.47 -0.50 -0.31 -0.35
Mauritius -0.26 0.11 0.95 0.98
Mozambique -0.17 -0.01 -0.07 -0.09
Namibia -0.46 -0.28 -0.14 -0.11
Niger -0.12 -0.07 -0.22 -0.03
Nigeria -0.26 -0.36 -0.56 -0.12
Rwanda -0.25 -0.22 0.48 0.85
ST and Princ. -0.37 0.20 0.85 0.81
Senegal -0.23 -0.58 -0.13 -0.02
Seychelles 0.82 0.99 0.99 1.00
Sierra Leone NaN -0.51 -0.44 -0.13
South Africa -0.21 -0.20 -0.43 -0.29
Suriname -0.26 -0.38 -0.39 -0.26
Swaziland -0.30 -0.30 -0.52 -0.40
Togo -0.24 -0.26 -0.27 -0.26
Uganda -0.01 -0.06 -0.06 -0.19
Tanzania -0.17 0.55 -0.20 -0.15
Zambia -0.21 -0.20 -0.76 -0.17
Zimbabwe -0.28 -0.44 -0.29 0.95

AMR 2001 2005 2009 2013

Antigua and B. 0.95 0.89 0.93 0.96
Argentina -0.07 -0.07 0.11 0.18
Bahamas 0.09 0.27 0.21 0.74
Barbados 0.20 -0.27 -0.03 -0.18
Belize -0.20 0.23 0.78 0.86
Bolivia -0.25 -0.23 -0.11 0.30
Brazil 0.99 0.29 0.99 0.94
Canada -0.15 -0.12 0.22 0.65
Chile -0.43 0.21 0.29 0.08
Colombia -0.47 -0.15 -0.14 -0.42
Costa Rica -0.28 -0.32 -0.32 -0.50
Cuba 0.65 0.35 -0.23 -0.15
Dominica 0.89 0.98 0.66 0.69
Dominican Rep. -0.27 -0.36 -0.09 -0.10
Ecuador -0.19 -0.05 0.99 1.00
El Salvador 0.78 0.09 0.76 -0.00
Grenada 0.24 0.58 0.54 0.71
Guatemala -0.36 -0.20 -0.67 -0.03
Guyana -0.05 -0.11 0.12 0.44
Haiti -0.19 -0.23 -0.09 -0.00
Honduras 0.73 0.20 0.55 0.26
Jamaica 0.27 0.98 0.28 0.32
Mexico 0.92 1.00 0.97 1.00
Nicaragua -0.16 -0.19 0.99 0.99
Panama 0.58 0.85 -0.18 -0.30
Paraguay -0.22 -0.32 -0.34 -0.26
Peru 0.99 0.11 0.29 -0.06
St. Kitts & N. 0.85 0.75 0.94 0.65
Saint Lucia -0.09 -0.03 0.01 0.40
St. Vinc & Gren 0.77 0.99 0.99 0.86
Trinidad & Tob. 0.00 0.27 -0.07 -0.11
USA -0.37 0.72 0.91 0.91
Uruguay 0.06 0.16 0.15 0.66
Venezuela -0.73 -0.89 -0.15 -0.47

EMR 2001 2005 2009 2013

Afghanistan -0.29 -0.52 -0.22 -0.10
Armenia -0.38 0.15 -0.16 -0.01
Bahrain 0.94 0.94 0.92 1.00
Djibouti -0.14 -0.56 -0.34 -0.29
Egypt 0.93 0.87 0.88 0.17
Iran 1.00 0.98 0.94 0.97
Iraq -0.30 -0.47 -0.05 -0.40
Jordan 0.71 0.70 0.70 0.76
Kuwait 0.95 0.82 0.97 0.96
Lebanon -0.62 -0.21 -0.03 -0.12
Libya 0.64 0.97 1.00 1.00
Morocco 0.84 0.69 0.88 1.00
Oman 0.99 0.99 1.00 1.00
Pakistan -0.21 -0.16 -0.02 -0.07
Qatar -0.78 0.51 0.72 0.44
Saudi Arabia 0.70 0.77 0.90 1.00
Somalia -0.14 -0.08 -0.09 -0.25
Sudan -0.04 -0.12 -0.14 0.03
Syria -0.15 -0.21 -0.48 -1.00
Tunisia 1.00 0.89 0.98 0.96
UAE 0.36 0.33 -0.09 0.04
Yemen -0.26 -0.39 -0.38 -0.18

EUR 2001 2005 2009 2013

Albania 0.70 0.75 0.90 0.99
Andorra -0.23 0.97 0.95 0.98
Austria -0.00 -0.47 -0.44 -0.40
Azerbaijan -0.07 -0.05 -0.04 -0.08
Belarus 1.00 0.32 0.63 0.57
Belgium -0.36 0.03 0.99 1.00
Bosnia & Herz. -0.26 -0.19 0.26 0.03
Bulgaria 0.08 0.07 -0.07 0.11
Croatia -0.00 0.99 1.00 0.99
Cyprus 0.85 0.99 1.00 1.00
Czech Republic 0.99 0.99 0.99 1.00
Czechoslovakia NaN NaN NaN NaN
Denmark 0.14 0.73 0.16 0.25
Estonia 0.12 0.39 0.74 -0.05
Finland 0.99 0.93 0.99 1.00
France 0.88 0.89 1.00 1.00
Georgia -0.27 -0.26 0.25 0.22
Germany -0.05 0.43 0.78 0.81
Greece -0.33 0.41 1.00 1.00
Hungary 1.00 1.00 1.00 1.00
Iceland 0.99 1.00 0.59 0.02
Ireland -0.11 -0.04 0.01 0.83
Israel 0.92 0.93 0.87 0.38
Italy 0.10 0.35 0.72 0.79
Kazakhstan 0.34 0.39 0.68 0.91
Kyrgyzstan 0.90 0.99 0.18 0.72
Latvia 0.25 0.86 0.88 0.11
Lithuania 0.51 0.36 0.98 0.51
Luxembourg 1.00 1.00 1.00 1.00
Malta 0.25 0.51 -0.62 1.00
Monaco 1.00 1.00 1.00 1.00
Montenegro NaN NaN NaN 0.47
Netherlands 1.00 1.00 1.00 1.00
Norway -0.15 0.19 0.08 0.19
Palestinian T. NaN NaN NaN NaN
Poland 1.00 1.00 1.00 1.00
Portugal 0.95 0.99 0.85 0.90
Moldova -0.24 0.95 0.07 -0.01
Romania 0.89 0.97 0.74 -0.20
Russia 0.66 1.00 1.00 0.97
San Marino 0.89 0.35 0.09 -0.69
Serbia 0.59 -0.27 0.43 0.28
Slovakia 1.00 1.00 1.00 1.00
Slovenia -0.23 -0.29 0.80 0.66
Spain 0.11 0.96 0.90 0.98
Sweden 1.00 1.00 1.00 1.00
Switzerland -0.01 -0.03 0.42 0.99
Tajikistan -0.24 -0.09 -0.11 0.39
Macedonia 0.59 0.56 0.54 0.68
Turkey -0.42 -0.50 0.20 0.79
Turkmenistan 0.36 0.21 0.68 0.70
Ukraine 1.00 0.98 0.44 -0.19
Former USSR NaN NaN NaN NaN
UK -0.01 -0.01 -0.01 1.00
Uzbekistan 0.73 0.86 0.72 1.00

SEAR 2001 2005 2009 2013

Bangladesh -0.28 0.96 0.45 0.71
Bhutan 0.29 0.14 0.18 0.57
DPR Korea -0.26 -0.45 -0.12 0.99
India -0.34 -0.15 -0.64 -0.26
Indonesia -0.33 -0.25 -0.03 -0.03
Maldives 0.77 0.69 0.96 0.90
Burma -0.20 -0.21 -0.36 -0.35
Nepal -0.01 -0.16 -0.05 -0.13
Sri Lanka 1.00 1.00 0.97 0.99
Thailand 1.00 1.00 1.00 1.00
Timor Leste NaN NaN -0.02 -0.53

WPR 2001 2005 2009 2013

Australia 0.04 -0.12 -0.17 -0.07
Brunei Dar. 0.54 0.01 0.81 0.09
Cambodia -0.11 -0.09 -0.38 0.68
China -0.28 -0.36 0.97 1.00
Cook Is. 0.23 0.26 0.91 0.48
Fiji 0.12 0.30 0.99 1.00
Japan -0.31 0.19 0.65 0.86
Kiribati -0.12 -0.17 -0.41 -0.04
Laos -0.37 -0.33 -0.29 -0.23
Malaysia 0.99 0.35 0.93 0.78
Marshall Is. -0.37 -0.64 -0.30 -0.26
Micronesia -0.62 -0.23 -0.62 -0.17
Mongolia 0.04 1.00 0.46 1.00
Nauru -0.35 -0.44 0.48 0.44
New Zeal. -0.27 -0.08 -0.11 -0.05
Niue 0.97 0.93 0.62 0.76
Palau 0.13 0.56 0.64 -0.12
Papua N.G. -0.20 -0.20 -0.11 -0.50
Philippines -0.38 -0.06 -0.16 -0.03
Korea, Rep. 0.20 0.20 0.33 0.66
Samoa 0.92 -0.10 -0.26 0.00
Singapore 0.94 0.73 0.86 0.82
Solomon Is. -0.16 -0.20 -0.16 -0.50
Tonga 0.62 0.32 0.89 0.89
Tuvalu 0.18 0.21 0.30 0.25
Vanuatu -0.20 -0.32 -0.38 -0.48
Vietnam 0.37 0.74 0.40 0.15

Table A.2: Vaccine Performance Index values VPI values for the parameterisation ⌫ =
95%, d = 2, and ⌧ = 2 as shown in Figure 2.3.

145



B | Appendix B

B.1 Hierarchical linear model assumption checks

The linear model assumptions outlined in Section 3.3.2 are applied to the hierarchical linear
models given in Section 3.3. As logistic hierarchical regression is implemented, we need only
check the residuals for the random-effect coefficients �0j in Equation (3.4).

In Figure B.1 below, we verify the assumption of normality of residuals ⌫0j (in Equation
(3.4)), the homoscedasticity of residuals, and check for no autocorrelation in the residuals.
This is done for the hierarchical linear model for vaccine importance in Figure B.1 A and B
(the same checks for the other three models for safety, effectiveness, and religious compati-
bility all similarly pass these checks). A QQ-plot of residuals ⌫0j reveals residual normality
(A). A plot of these residuals against predicted values shows homoscedasticity and a lack of
autocorrelation in the range -3.0 to 4.0 (B). At values higher than 4.0, residuals tend to be
negative for a small number of countries.
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Figure B.1: Validation of linear model assumptions for Equation 3.4. Level-2 residu-
als ⌫0j are tested for normality, homoscedasticity, and for a lack autocorrelation. (A) QQ-plot
of the residuals ⌫0j reveals residual normality. (B) A residual plot against predicted values
reveals homoscedasticity and no autocorrelation in the range -3.0 to 4.0, with possibly a
minor violation of these two assumptions above this range.
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B.2 Vaccine effectiveness versus vaccine safety

In Figure B.2, we plot the difference between the proportion of respondents reporting posi-
tively (tend to agree or strongly agree) to “overall I think vaccines are effective” than to “overall
I think vaccines are safe.” A similar result is found when comparing the difference in pro-
portions of individuals replying positively to “overall I think vaccines are important” relative
to “overall I think vaccines are safe”. However, unlike the importance-safety relationship,
a handful of countries (Algeria, Nigeria, Ghana, Pakistan, Indonesia, and Bangladesh) are
more likely to report that vaccines are safe than effective.
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Figure B.2: Differences in the proportion of people responding that they believe
vaccines are effective but unsafe The difference in proportion of people within each
country who reply positively to vaccine effectiveness and positively to vaccine safety.
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C | Appendix C

C.1 Sensitivity analysis and simulation study

Sensitivity analyses are performed to select appropriate hyper-parameters for the variance
components of the hierarchical structural model in Equations (4.15) and to assess the ro-
bustness of item response parameter inference with respect to the non-informative Wishart
prior in Equation (4.14).

C.1.1 Data generation

A total of 4,000 observations are generated across 10 items (with K = 5) from 20 groups
each comprising of 200 individuals. Data is generated according to the hierarchical model
outlined in Section 4.4.1. The random effects parameters �j are first simulated through
�j ⇠ N (�Zj,⌃), which are then used to obtain hesitancy values through ⌘ij ⇠ N (�jXij, �2).
The item response parameters are generated from the exchangeable multivariate distribution
(ãm,bm)T ⇠ N (µitem,⌃item) (am = exp(ãm)) and the response data can be finally generated
through a combination of the latent data and item response parameters via the graded
response model (Equation (4.3)). Unless otherwise specified, the choices of model parameters
are as follows: the parameter matrix � is specified as,

� =

2

64
0 �

1
2

1 1
2

1 �2

3

75 ;

covariate data Xij and Zj are sampled from independent standard normal distributions;
�2 = 1; ⌃ = 2⇥ 1; and the item response parameters are generated from µitem = [0, 0, 0, 0, 0]

and ⌃�1
item = 15⇥5. As the identifying restrictions (see Section 4.3.3) on these item response

parameters fixes the product of the discrimination parameters to one and the sum of the
difficulty parameters to zero, the latent variables will have – approximately – a standard
deviation of one and a mean close to zero. These data represent typical parameter values for
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an IRT model.

C.1.2 Choosing individual- and country-level variance hyper-priors

Sensitivity analyses are performed to examine model robustness of variance component infer-
ence under varying hyper-parameters of the Gamma and Wishart priors for individual- and
country-level variances respectively. We investigate choosing different hyper-parameters, ↵
and �, for the prior distributions Gamma(1,↵) and Wishart(� ⇥ 1, nx + 1).

Inference robustness is tested by varying over individual-level variance values, �2 = .01,
.1, 1, 10, and 20, whilst choosing ↵ = 1, .1, and .01 to change the mean and variance of the
distribution. Similarly, for the country-level covariance prior, the degrees of freedom is fixed
at nx + 1 (a minimally informative choice [246]), and � = .01, .1, and 1 is varied. These

��2 = .01 ��2 = .1 ��2 = 1 ��2 = 10 ��2 = 20

↵ = 1 .1 .01 1 .1 .01 1 .1 .01 1 .1 .01 1 .1 .01

�̄�2
.010 .010 .010 .096 .097 .097 0.80 0.90 0.90 1.99 8.82 14.5 1.86 13.89 19.59

sd(��2
) .000 .000 .000 .003 .003 .003 .06 0.07 0.08 .20 1.00 5.82 0.18 3.81 5.30

⌃�1
·· = .01 ⌃�1

·· = .1 ⌃�1
·· = 1 ⌃�1

·· = 10 ⌃�1
·· = 20

� = 1 .1 .01 1 .1 .01 1 .1 .01 1 .1 .01 1 .1 .01

⌃̄�1
11 .008 .011 .012 0.08 0.09 0.09 1.18 2.20 2.42 2.85 8.74 12.30 2.47 10.02 25.30

⌃̄�1
22 .010 .013 .014 0.18 0.25 0.26 0.58 0.75 0.78 2.28 5.35 6.86 2.60 11.98 34.90

⌃̄�1
33 .008 .011 .011 0.09 0.11 0.11 1.00 1.63 1.74 3.04 10.96 17.29 2.62 12.38 35.54

sd(⌃�1
11 ) .003 .004 .004 0.02 0.03 0.03 0.37 0.70 0.78 0.89 2.90 4.47 0.81 3.25 10.14

sd(⌃�1
22 ) .003 .004 .004 0.06 0.08 0.08 0.18 0.24 0.24 0.72 1.76 2.42 0.85 3.91 14.01

sd(⌃�1
33 ) .002 .003 .003 0.03 0.03 0.03 0.31 0.52 0.56 0.96 3.75 6.74 0.85 4.03 14.71

Table C.1: A simulation study investigates the inference accuracy when varying
hyper-parameterisation of the variance and covariance priors Inferring individual
(top table) and country-level (bottom-table) variance and covariance (respectively) compo-
nents (with standard errors) under different hyper-parameterisations for the Gamma and
Wishart priors. The most robust estimates occur when ↵ = � = 0.01, with these parameters
as described in the text.
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parameters are investigated for ⌃�1 = .01⇥ 1, 0.1⇥ 1, 1⇥ 1, 10⇥ 1, and 20⇥ 1.
In Table C.1, we show the inferred variance and covariance components under these

parameterisations of prior distributions. We find that in both cases, ↵ = � = 1 results in
prior distributions which are too heavily weighted towards low precisions (high variance),
whereas ↵ = � = .01 and ↵ = � = .1 perform well across the range of precision values. As
↵ = � = .01 tends to be more consistent over a range of precision values, these values are
chosen as hyper-parameters for the Gamma and Wishart priors (which have been used in
Equations (4.15)).

C.1.3 Testing model robustness to extreme item response parameters

A range of item response parameters are generated according to the data-generation mech-
anism outlined in Section C.1.1. Item response parameters are generated under three dis-
tributions: (log(am), bm,k)T ⇠ N (µitem,⌃item), where µitem = (µ,0)T with µ = 0, 1, and 2,
and ⌃item) = s1 with s = 1, 2, and 5 (for m = 1, . . . , 10 and k = 1, . . . , 4 (as described in
Section C.1.1). These sets of item response parameters represent what we might expect to
be ‘typical’ parameters (µ = 0, s = 1), ‘unlikely’ parameters (µ = 1, s = 2), and ‘extremely
unlikely’ parameters (µ = 2, s = 5).

We find that the choice of Wishart prior in Equation (4.14) is appropriate in this case as
it allows accurate inference under these broad range of possible parameter values. We show
simulated versus inferred values under these three parameter regimes in Figure C.1.

C.1.4 Full parameter inference and MCMC convergence

A full simulation study with the parameter values given in Section C.1.1 is conducted to
evaluate the performance of the MCMC sampler and to ensure high accuracy in parameter
recovery. In Figure C.2 we plot the generated versus observed values for the range of model
parameters. Across all inferred parameters we note a very high accuracy in parameter recov-
ery for discrimination (A), difficulty (B), fixed-effect (C), random-effects (D), and variance
(E) parameters. Across all parameters, 96% of the inferred parameter estimates fall within
the 95% HPD intervals in line with expectations.

A total of 126 model parameters were inferred (excluding the latent hesitancy values)
and only eight (6%) were found to have a Geweke p-value less than 0.05. This percentage
is in line with what we would expect by chance if all the Geweke p-values followed the null
distribution. Nonetheless, inspecting these eight parameters shows good convergence (Figure
C.3).
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Figure C.1: Robustness of the Wishart prior for item response parameter inference
The Wishart prior over item response parameters is a suitable choice. A wide range of
possible item response parameters are accurately inferred under this prior. (A) Simulated
(true) versus inferred (pred) values for the discrimination parameters. (B) Simulated versus
inferred values for the difficulty parameters. (C) Simulated versus observed values across all
parameters. Black points with 95% HPD intervals represent the simulated (pred) data, and
coloured dots represent the simulated (true) values (magenta = ‘likely’, red = ‘unlikely’, blue
= ‘extremely unlikely’ – as described in text.)
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Figure C.2: Inferred versus simulated parameter values shows robust inference
under our implemented MCMC scheme Inferred versus simulated parameter estimates
shows good parameter recovery precision. Predicted versus true values are shown for (A),
difficulty (B), fixed-effect (C), random-effects (D), and variance (E) parameters.
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Figure C.3: MCMC Gibbs samples for parameters whose Geweke statistic failed
the test for convergence Gibbs samples for all eight parameters (see main text) whose
Geweke statistic indicated no convergence. Despite these significant p-values, the fraction of
un-converged time-series is what we would expect by chance and these time-series show good
convergence.
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C.2 Verifying model assumptions for Bayesian hierarchical IRT

C.2.1 Testing and verifying the conditional independence assumption

The conditional independence assumption for IRT and LCA states that responses to individ-
ual items are conditionally independent given latent attribute. This was stated for IRT in
Equation (4.5) as,

P (Y1i, Y2i, . . . , YMi|⌘i) =
MY

m=1

P (Yim|⌘i), (C.1)

where the dependence on the item response parameters has been removed. This strong form
of conditional independence requires testing conditional independence on all subsets of items,
which can be cumbersome to compute. A weaker form of conditional independence exists,
which requires conditional independence between all pairs of items (thus fewer tests must be
satisfied),

P (Yim, Yil|⌘i) = P (Yim|⌘i)P (Yil|⌘i), (C.2)

for 8m, l (m 6= l) [288]. When satisfied, this pairwise independence is often indicative of
whether the stronger form is met, as although higher order dependencies are possible they
are are often unlikely [288].

In seeking to establish conditional independence, it is instructive to consider the mutual
information (MI), a information theoretic measure of dependence between variables which
makes no distributional assumptions [190]. The MI quantifies the amount of information
obtained about one random variable X through knowledge of the other Y (here we use X

and Y as our vaccination response survey data),

I(X;Y ) =
X

y2Y

X

x2X

PX,Y (x, y) log2

✓
PX,Y (x, y)

PX(x)PY (y)

◆
.

When X and Y are independent, it is easy to see that I(X;Y ) = 0. The mutual informa-
tion can be readily extended to test conditional independence between two variables. The
conditional mutual information (CMI) is given by

I(X;Y |Z) = EZ(I(X;Y )|Z)

=

Z
PZ(z)

X

y2Y

X

x2X

PX,Y |Z(x, y|z) log2

✓
PX,Y |Z(x, y|z)

PX|Z(x|z)PY |Z(y|z)

◆
dz,

where it is assumed that X and Y are discrete random variables (corresponding to observed
multivariate survey response data) and Z is a continuous random variable (here Z is the
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inferred latent vaccine hesitancy). Analogously to MI, two variables are conditionally inde-
pendent when I(X;Y |Z) = 0.

Estimation of this quantity (in the case of IRT) relies on discretising the continuous
random variable Z and approximating the integral through numerical integration techniques.
The CMI is used to verify the conditional independence assumption through the G-statistic,

G = 2NÎ(X;Y |Z), (C.3)

which is asymptotically �2-distributed under the null with ⌫ = n2
itemnbins degrees of freedom,

where nbins is the number of bins used in the discretisation process and nK is the number of
possible survey responses (nK = 5) [289].

This G statistic is implemented for all pairs of survey questions given the inferred hesi-
tancy values. For each pair of vaccination questions, we accept the null distribution when the
binning process is sufficiently small. Thus we find that each pair of vaccination questions is
conditionally mutually independence given vaccine hesitancy and our assumption is verified.

C.2.2 Testing successful burn-in and convergence

To test successful burn-in and convergence of our implemented MCMC scheme, we examine
the Geweke statistics for each inferred parameter in the posterior distribution as described
in Section (4.4.4).

For model M4, 5.5% of Geweke p-values are less than 0.05. Further, we find that these
p-values follow a uniform distribution, suggesting that we should accept the alternative hy-
pothesis of sufficiently burnt-in and converging chains across our parameter set (Figure C.4).
Similar distributions are found across all other models. Visual inspection of those samples
with p-value < 0.05 show good convergence.

C.2.3 Verifying linear model assumptions

Linear model assumption checks of residual normality, homoscedasticity, and uncorrelated-
ness are now shown for model M4 which was introduced in Section 4.4.3. These checks were
initially outlined in Section 3.3.2. (We note that similar checks of the linear model assump-
tions for other models outlined in Section 4.4.3 reveal similar behaviours to those presented
here for model M4).

In Figure C.5 A a QQ-plot of the residuals from the individual-level regression in Equation
(4.13) reveals a slightly non-normal distribution in the tails of the residual distribution. In
Figure C.5 B, we plot residuals against predicted values (due to the large number of residuals
in this analysis, residuals are binned at regular intervals and box-and-whisker plots at each
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Figure C.4: Distribution of Geweke p-values of all inferred parameters in Model
M2 The distribution of Geweke p-values appears to follow a uniform distribution which
suggests good convergence of MCMC chains of model parameters.

bin are used to show the variance at a given point). Figure C.5 B reveals homoscedasticity
and uncorrelated residuals over the majority range of the predicted values; however, there
seems to be some violation of these assumptions at the upper extremes of the predicted values
range. Item response theory maps discrete values onto a continuous scale. In the case when
the number of items is limited (such as in our analysis, where we consider only four items),
discretisation effects will manifest in the latent variable (see for example the distribution of
individuals’ hesitancy in Figure 4.2 A, for example). These effects could result in violation
of these linear model assumptions. We note that although these model violations appear
minor, a discrete modelling approach to vaccination survey items may be more suitable – see
Chapter 5.

In Figure C.6 we show that the country-level regression for M4 (see Section 4.4.3) obeys
the linear model assumptions. In Figure C.6 A a QQ-plot reveals normality of the country-
level residuals and Figure C.6 B shows that the residuals are uncorrelated and homoscedastic.
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A   B

Figure C.5: Validation of linear model assumptions for individual-level residuals
from Model M4 The individual-level residuals are tested for normality, homoscedasticity,
and for a lack autocorrelation. (A) QQ-plot of the residuals reveals non-normality at the
tails of the distribution. (B) A residual plot against predicted values shows homoscedastic
residuals and no autocorrelated residuals across the majority range of the predicted values.
There is some violation of the model assumptions due to discretisation effects discussed in
the text.
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Figure C.6: Validation of linear model assumptions for country-level residuals from
Model M4 The country-level residuals ⌫0j are tested for normality, homoscedasticity, and
for a lack autocorrelation. (A) QQ-plot of the residuals ⌫0j reveals residual normality. (B)
A residual plot against predicted values reveals homoscedasticity and no autocorrelation.
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C.3 JAGS code for Bayesian hierarchical IRT models

Some readers may find our JAGS code useful for the Bayesian hierarchical IRT model we
introduced in Chapter 4. We provide an outline of it here. We note the following: n.group
is the number of countries (J = 72 in our case); g.idx is a vector marking the individuals
within a group; n.item is the number of items (M = 4); n.cat is the number of item re-
sponse categories (K = 5); disc and diff are the discrimination and difficulty parameters,
respectively; diff.raw are the difficulty parameters before the model identification process;
eta.tau is the individual-level precision (1/�2); beta.tau is the country-level precision ma-
trix (⌃�1 in Equation (4.13)); xi.mu.hyp and xi.tau.hyp are the hyper-priors for the item
response parameters (see Section 4.4.2 noting that the precision matrix is again used); and
beta and gamma are the random- and fixed-effect parameters. Unless otherwise stated, values
in parantheses correspond to the variables in Section 4.4.3.

##### model #####
# polytomous graded-response IRT model
for (j in 1:n.group){

for (i in (g.idx[j]+1):g.idx[j+1]){
for (m in 1:n.item){

Y[i, m] ~ dcat(pr[i, m, ])
Q[i, m, 1] <- 1
for (k in 2:n.cat){

logit(Q[i, m, k]) <- disc[m]*(eta[i] - diff.raw[m, k])
}
pr[i, m, 1:(n.cat-1)] <- Q[i, m, 1:(n.cat-1)] - Q[i, m, 2:n.cat]
pr[i, m, n.cat] <- Q[i, m, n.cat]

}
# individual-level regression
eta.mu[i] <- inprod(X[i, ], beta[, j])
eta[i] ~ dnorm(eta.mu[i], eta.tau)

}
# country-level regression
beta.mu[1:n.x, j] <- gamma %*% Z[1:n.z, j]
beta[1:n.x, j] ~ dmnorm(beta.mu[1:n.x, j], beta.tau)

}

# item difficulty and discrimination
for (m in 1:n.item){

xi[m, 1:n.cat] ~ dmnorm(xi.mu, xi.tau)
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# identify the location
diff.raw[m, 2:n.cat] <- ifelse(m==1, sort(xi[1, 2:n.cat])

- xi.mean, sort(xi[m, 2:n.cat]) - xi.mean)
diff.raw[m, 1] <- -10^30
diff.raw[m, n.cat+1] <- 10^30

}
diff[1:n.item, 1:(n.cat-1)] <- diff.raw[1:n.item, 2:n.cat]
xi.mean <- mean(xi[1, 2:n.cat])

# log-normal distribution for discrimination
for (m in 1:(n.item-1)){

disc[m] <- exp(xi[m, 1])
}
# identify the scale
disc[n.item] <- 1/prod(disc[1:(n.item-1)])

##### prior information #####
eta.tau ~ dgamma(1,0.01)
beta.tau ~ dwish(0.01*beta.tau.hyp, 5)
xi.mu ~ dmnorm(xi.mu.hyp, xi.tau)
xi.tau ~ dwish(xi.tau.hyp, xi.nu.hyp)
for (x in 1:n.x){

for (z in 1:n.z){
gamma[x, z] ~ dnorm(0, 0.1)

}
}
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