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Abstract 

The majority of UK parents participate in the recommended baby vaccination 

programme, but some vaccines (notably MMR) have uptake below levels 

recommended to control outbreaks of vaccine-preventable disease, and this risk 

increases if the unvaccinated children are clustered.  We explored the hypothesis 

that vaccination decisions made by parents based on information shared peer-to -

peer could create clusters of opinions, and contribute to local vaccine uptake 

variations.   

Ecological analysis of MMR uptake on a small spatial scale confirmed uneven 

coverage and a while a regression model showed uptake was associated with 

ethnicity and extremes of education, overall the observations were poorly explained 

by demographic factors. Mathematical modelling of decisions influenced by sharing 

information confirmed this process is theoretically able to create opinion clusters and 

changes in the proportions intending to vaccinate, but that results are qualitatively 

and quantitatively sensitive to network structure and decision representation.  This 

uncertainty could not be resolved for UK baby vaccinations with existing data, so a 

survey was undertaken to address the knowledge gaps.  Data were gathered on 

parents’ networks of vaccine-information providers and on other variables within the 

MMR-measles decision-infection system, including social contacts for preschool 

children (with a larger sample than provided by all-age studies). The survey provided 

evidence of individual-level vaccination-behaviour clustering and informed revised 

mathematical models using empirically-supported network structures and decision 

representation. These simulations showed the UK conditions could enable 

information-sharing to create increased opinion clustering and to shift population-

level vaccination sentiment (increasing those supporting schedule adherence).   

Through an integrated programme of statistical analysis, data collection and 

mathematical modelling this thesis provides evidence to confirm the presence of 

clusters of vaccine opinion and to support the hypothesis that an information-sharing 

process is able to increase opinion clustering, albeit in a manner requiring further 

investigation to ascertain the associated relative outbreak risk.   
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General note on terminology 

This thesis makes reference to the administrative regions and bodies used by the 

National Health Service (NHS) and Department of Health (DH) to organise primary 

care and public health services in England.  During the time-period referenced within 

the thesis, there has been a significant restructuring as a result of the Health and 

Social Care Act 2012 [1]. 

Of greatest relevance for this research, on 1st April 2013 Primary Care Trusts (PCT) 

were abolished, with Clinical Commissioning Groups (CCG) taking-over most of their 

primary care service organisation responsibilities, and Public Health England (PHE) 

was established, taking-over the publication of several surveillance datasets 

(including routine immunisation uptake and notifiable disease incidence) from the 

simultaneously disbanded Health Protection Agency (HPA) [2] [3].  The national 

reports on coverage of the vaccinations included in the routine schedule continued to 

use PCT definitions and terminology until 31st March 2016 [4], so we follow this 

precedent and refer to PCT throughout. 
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1. General Introduction 

1.1. Childhood vaccination in the United Kingdom (UK) 

Vaccination is a cornerstone of public health, protecting individuals from the corresponding 

infectious disease through induced immunity, and performing a key role in programmes for 

the eradication or elimination of diseases such as polio and measles. 

The UK routine baby immunisation programme [5] is designed to protect children from 

dangerous vaccine-preventable diseases and to deliver the levels of population immunity 

required to control the disease.  But consent, given by those with parental responsibility, is 

required for the child's vaccination.  Securing parents' support for vaccination is therefore 

vital to achieve the desired programme participation.   

This thesis explores the patterns of routine childhood vaccination coverage (focussing 

primarily on the MMR vaccination, which has sub-optimal uptake in England) and how 

information-exchange across social networks might influence these vaccination decisions, so 

contributing to local variations in uptake. 

1.1.1. Routine vaccinations 

The Department of Health (DH) recommends a programme of routine childhood vaccinations 

to protect against twelve childhood infections: diphtheria, tetanus, pertussis, haeomophilius 

influenza type b (Hib), polio, meningococcal serogroup C and serogroup B, rotavirus, 

measles, mumps, rubella and pneumococcal  [5].  The recommended schedule (as at the 

end of 2016) for children under 5 years old is given in Figure 1-1 .   

These vaccinations are voluntary, but parents are encouraged to participate fully in this 

programme to protect their child.  Healthcare professionals (HCPs) such as General 

Practitioners (GPs) and Health Visitors are instructed that ‘Every effort should be made to 

ensure that all children are immunised’ Public Health England [5] p81).  The injections are 

usually administered via GP surgeries and the standard recommended vaccines are 

available free-of-charge through the National Health Service (NHS). 
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Figure 1-1  UK routine vaccination schedule for under 5s 

Age of child Vaccine 
Infection(s) against which  

vaccine provides protection 

8 weeks DTaP/IPV/Hib Diphtheria, tetanus, pertussis, polio, Hib  

 PCV Pneumococcal 

 MenB (b) Meningococcal B 

 Rotavirus (a) Rotavirus 

12 weeks DTaP/IPV/Hib Diphtheria, tetanus, pertussis, polio, Hib  

 Rotavirus (a) Rotavirus 

16 weeks DTaP/IPV/Hib  Diphtheria, tetanus, pertussis, polio, Hib  

 MenB (b) Meningococcal B  

 PCV Pneumococcal 

12 months (c) Hib/MenC Hib, meningococcal C  

 PCV Pneumococcal  

 MMR Measles, mumps, rubella 

 MenB Meningococcal B  

40 months (c) DTaP/IPV or dTaP/IPV Diphtheria, tetanus, pertussis, polio  

 MMR Measles, mumps, rubella 

From 2 years 

(annually) 

LAIV (a) Influenza 

 

 Children now under 5 includes those subject to previous schedules:  
(a) Rotavirus and (annual) influenza were introduced in 2013.  

(b) MenC doses removed in 2013 and 2016, and MenB was introduced in 2015  

(c) Wording of 12 month and 40 month vaccinations’ window tightened in 2012   

 

 Department of Health [5] 

Other vaccines to protect against childhood infections are marketed, but are not offered via 

the NHS although they may be obtained via private practice [6, 7].  These include the 

single-antigen vaccines for measles, for mumps and for rubella (popularly referred to as 

“singles”) which may be administered in place of MMR [8]. 

Reduced vaccine uptake has public health implications, due to reduced herd immunity, in 

addition to the disease risk for the unvaccinated children themselves. 
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1.1.2. Surveillance instruments 

1.1.2.1. Percentage uptake of routine childhood vaccinations 

Uptake of routine childhood vaccinations is monitored via the COVER programme (Cover of 

vaccination evaluated rapidly).  The percentage of children who are up-to-date for each 

age-appropriate vaccination is measured at one, two and five years old.   

In England, COVER is administered by Public Health England (PHE) [9], and previously the 

Health Protection Agency (HPA) [10].  The vaccine uptake statistic was reported at Primary 

Care Trust (PCT), Strategic Health Authority (SHA) (or Region) and nation levels from 1 April 

2003 to 31 March 2016.   Since the NHS restructuring in 2013 (see General Note on 

Terminology, above), COVER reports for Local Authority areas (with different inclusion 

criteria) and a parallel programme via the UNIFY system [11] have been introduced in 

England (the latter is described as an operational management tool, not surveillance, and is 

subject to less stringent data assurance).  All these data are ultimately sourced from GPs: 

GP surgeries input vaccination uptake into their PCT’s computerised Child Health 

Information System (CHIS) [9].  The PCT collates the required statistics quarterly and 

annually, and forwards them to PHE – the form completed by PCTs details the methodology 

used, including numerator and denominator definitions, see Appendix for example form 

showing PCT denominator definitions [12]. 

Similar programmes monitor uptake in the other nations within the UK: via Health Protection 

Scotland [13], National Public Health Service for Wales [14] and Communicable Disease 

Surveillance Centre Northern Ireland [15].  Annual reports combine data from all four nations 

to report a UK statistic. 

COVER is the sole surveillance system of all routine childhood immunisations’ uptake in 

NHS surgeries; it provides summary epidemiological data with minimal delay (quarterly 

reports are published three months after quarter-end) [16] and is backed by government 

mandate.  However there are some omissions and uncertainties. 

Data is rarely complete for all fields for every PCT, particularly for quarterly reports, with a 

number of PCTs experiencing technical or other reporting issues.  The separate call for 

annualised information direct from PCTs enables fuller data-reporting than summing 

quarterly reports, so is preferred for analysing trends in uptake.  There is a data quality 

issue, data on birthdates (hence correct evaluation quarter for each child) may be inaccurate 

or missing and the calculation of the PCT denominator is not straightforward, it is not the 
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GP-registered population.  Furthermore GP-registration data are subject to quality concerns, 

for example duplicate registrations (which could be inter- or intra- PCT) [17] and a quality 

assurance report by Office of National Statistics (ONS) [18]  found both under- and over-

reporting concerns, which would result in artificially inflated or depressed COVER figures 

respectively, and GP funding schemes with potentially distortive effects. 

Also, it is noted that COVER excludes non-routine immunisations, notably single-antigen 

vaccines for measles, mumps and rubella.  Therefore there is no surveillance data which 

enables an estimate of protection obtained from, say, all measles-containing vaccines.  Lack 

of measurement of “singles”-derived protection remains a weakness in the surveillance data 

available for analysis relating to the potential for infection outbreaks. 

An indication of “singles” vaccines uptake can be gained from one-off studies (although 

these data are not compatible with COVER, so cannot be combined to give an overall 

protection statistic).  In 2001-2002 records obtained from clinics and details of vaccine 

imports lead to an estimation of the absolute contribution of these vaccines as relatively 

small (“single” measles doses were equivalent to 1.7% and 2.1% of the 2-years-old cohort in 

each year in England & Wales) [8].  A large-scale cohort study of children reaching 2 years 

old in 2002-2004, found 5.2% had received at least one “single” vaccine [19]. 

1.1.2.2. Parental opinions, attitudes and behaviour 

From 1991 the DH commissioned, in conjunction with the now defunct Central Office of 

Information (COI), market research on the immunisation knowledge, attitudes and behaviour, 

and types of information sources, of parents of children aged 0-2 years [20].  This DH/COI 

childhood immunisation tracking survey (DH/COI CITS) was conducted annually from 2005 

and the sample expanded to include parents of 3-4 year olds in 2010 [21] .  The final wave of 

fieldwork was conducted in January-February 2010 and consisted of in-home interviews with 

1730 parents of pre-school children, 1142 of whom had children aged 0-2 years [21].  The 

sampling strategy was designed to deliver respondents that are demographically and 

geographically representative of the UK.  PHE have commissioned 3 equivalent annual 

studies (fieldwork in 2015-2017); it is anticipated that data from the first of these will be 

published in 2017 [22].    

This body of evidence enables tracking of the relative attitudes to routine vaccinations for 

each population of parents passing through the period when their children are offered 

routine vaccinations.  Papers summarising several years’ data from DH/COI CITS have been 
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published in peer-reviewed journals [20, 23]  Within these articles, the potential for 

availability bias in the sample, due to quota-based sampling is acknowledged. 

1.1.2.3. Serological status 

There is no on-going surveillance of the serological status of the UK population with regards 

to the vaccine-preventable diseases targeted in the routine childhood immunisation 

programme.  The most recent published sero-surveillance in England & Wales for measles 

used samples collected in 2000, and included analysis of serostatus vs measles and rubella, 

as part of the European Sero-Epidemiology Network 2 (ESEN2) [24]. The source of the sera 

(residual samples from routine laboratory testing) introduces bias. 

1.1.2.4. Cases of vaccine-preventable diseases 

The list of notifiable diseases includes vaccine-preventable childhood diseases: acute 

meningitis, acute poliomyelitis, diphtheria, measles, mumps, pertussis, rubella and tetanus 

[25].  For these infections, doctors have a statutory duty to report suspected cases, and 

laboratory reports are also used to collate incidence data.  Incidence data are supplied to the 

PHE who publish the weekly Notifications of Infectious Diseases report.  Incidence is 

reported at national, regional and local authority level [26].  

The use of multiple sources is believed to give a fuller picture, but can also produce 

double-counting of cases.  

1.1.2.5. Adverse reactions to vaccines 

As part of their remit for post-market monitoring of pharmaceutical product safety, Medicines 

& Healthcare products Regulatory Agency (MHRA) operates the Yellow Card scheme for the 

reporting of adverse drug reactions (ADR) to medicine (including vaccines) [27].  ADR may 

be reported voluntarily by healthcare professionals (HCP) and by patients; data from the 

scheme cannot be used to calculate the incidence of ADR nor the proportion of ADR 

reported to the authorities.  The association of the reported symptom(s) with the vaccine 

need only be suspected, proven causality is not required, and the assessment of a 

suspected association may not be consistently applied by the range of possible reporters.  
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1.1.3. Overview of vaccination behaviour and infection incidence 

In Figure 1-2 we list national events relating to routine childhood vaccinations (for under 5s), 

with a focus on MMR, to provide a context for surveillance data interpretation.  

Figure 1-2  Timeline of events 1996-2016 

Year Changes to routine schedule MMR-specific events 

1996  MMR2 introduced 

1998  
MMR-autism link published      

(The Lancet) 

1999 MenC introduced  

2001-2  
Media coverage of subsequent 

MMR-autism papers 

2004 DTaP/IPV/Hib  ‘5-in-1’ vaccine introduced  

2006 PCV introduced  

2008  MMR catch-up campaign 

2009 Pandemic influenza vaccine offered  

2010  MMR-autism lead author struck-off 

2013 
Rotavirus introduced, 

seasonal influenza introduced 
MMR catch-up campaign 

2016 
MenB introduced, 

MenC phased out 
 

 

Department of Health, British Broadcasting Corporation [28-32] 

The World Health Organisation (WHO) sets targets of 95% national vaccination coverage by 

two years old for protection against measles, rubella, mumps, diphtheria, polio and tetanus 

and “in infancy” for pertussis [33]. This corresponds to the upper range of the estimated 

critical proportion for pertussis and measles (i.e. estimated population vaccinated proportion 

required for infection elimination via herd immunity effect) [34]. Suboptimal coverage 

exposes the population to the risk of disease outbreaks, from endemic or imported infection.   
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1.1.3.1. UK routine childhood vaccination participation 

The majority of UK children participate in the routine childhood vaccination programme [35-

42]. 

For the UK, WHO targets for diphtheria, polio and tetanus have been met every year since 

2009-10 (Figure 1-3), but those for the MMR vaccine have not been achieved.  Within the 

UK, England has the lowest cover of the four constituent countries (all strata of vaccine, age 

and year). 

Figure 1-3  UK vaccination uptake, reported vs WHO target  

 
 

COVER [35-42] 

The majority of parents claim to “automatically have their child’s (pre-school) immunisations 

done when they were due” (75% of those with 0-2 year olds) [21].  However, the awareness 

of the constituent elements of the programme varies considerably (from 73% spontaneous 

awareness for MMR to 12% for the pneumococcal vaccine) and the vaccines themselves are 

viewed as “completely safe” by no more than 58% of parents (of 0-4 year olds). 

Within England there is considerable spatial variation in uptake of primary vaccination 

courses (Figure 1-4, measured at PCT or Local Authority level), and London consistently has 

the lowest regional uptake across this period.  Considering the WHO district vaccination 

targets [33], at this granularity the majority of districts meet those for diphtheria, polio and 

tetanus vaccination (90% at two years), and the majority do not meet those for measles, 

mumps, and rubella vaccination (95% at two years).  Less is published at geography more 
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granular than by PCT, but management audit data  [43, 44] indicate that this variability 

persists at smaller scales.   

Figure 1-4  Spatial analysis of routine childhood vaccination coverage  

a] 2009-10 primary course uptake by PCT 

 

b] 2015-16 primary course uptake by Local Authority 

 

NHS Information Centre, Screening and Immunisations Team, NHS Digital [36, 42] 

1.1.3.2. MMR1 and measles 

There is a clear temporal pattern for MMR1 uptake in England, since its introduction in 1988 

(Figure 1-5). After a period of stability following its establishment, there was a sustained drop 

in uptake, from the late 1990s to the early 2010s, with the lowest coverage in 2003-04.  We 

are not aware of any concurrent stock or access issues (MMR nor childhood vaccinations 

generally e.g. diphtheria vaccine coverage remains stable at over 90% at 12 months [42]).   

The available cross-sectional serological data was collected prior to this trough. The ESEN2 

analysis of samples collected in 2000 (18.9% of 2-4yr olds were sero-negative vs measles 

[24]), is not inconsistent with the estimated 90% sero-conversion [28] from the relevant 

years’ MMR1 uptake data (87%-91%). 
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Figure 1-5 Annual reported uptake of MMR1 in England, 1990-91 to 2015-16 

 

 Comparison with research timing 
MMR1 data analysed in Chapter 2 (◊); Fieldwork in Chapter 4: pilot (†),full survey (‡) 

NHS Digital [42]  

Data from the annual attitudinal surveys (Figure 1-6) show a peak in the proportion of 

parents who consider MMR a greater risk than the disease it protects against, which is 

near-synchronous with the uptake trough (peaking about a year earlier). 

Figure 1-6 Parents who consider MMR a greater risk than the disease it 
protects against 

  

DH/COI CITS [21] 

However, there was no clear temporal association of higher ADR reporting (Figure 1-7).with 

neither the dip in MMR coverage nor the peak in relative perceived risk noted above. 
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Figure 1-7 UK spontaneous ADR reports received for MMR vaccine per year 
(1998-2014) 

 

MHRA [45] 

After being restricted to localised outbreaks in the last 1990s, measles was declared 

endemic again in the UK in 2008 [46] . Since 2000, there has been an overall increasing 

trend in confirmed measles cases in England (Figure 1-8).  An association between the 

trough uptake and this increased incidence is hypothesised; earlier analysis of the cases 

across 1995-2002 associated the decline in MMR uptake with an increase in outbreak size 

[47]. 

Figure 1-8 Measles cases in England, 1996-2016 

 

Confirmed cases include saliva IgM positives and/or PCR and laboratory reports 

PHE HPA [48-51] 
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Figure 1-9  Confirmed measles cases in England by region and by age 2008-15 

a] confirmed cases by region 

 

b] confirmed cases by age 

 

Confirmed cases include saliva IgM positives and/or PCR and laboratory reports 

HPA, PHE, ONS, [48, 49, 52]  

Considering the endemic period (2008 onwards), the incidence of measles is also 

geographically heterogeneous within England (Figure 1-9a), with the highest cases per 
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capita in North West (peak in 2012), North East (peak in 2013) and London.  28% of 

confirmed cases are in children age 0-4, with the highest cases per capita in under1 year 

olds (before routine vaccination age) (Figure 1-9b). 

1.1.3.3. 2013 measles outbreak and MMR catch-up campaign 

A large measles outbreak occurred in Wales in 2012-13, specifically in the Health Board 

areas of Abertawe Bro Morgannwg (ABMHB), Hywel Dda and Powys (with the index cases 

in Swansea) [53].   There were 1,202 notified cases, 88 hospital admissions and one death.  

Incidence peaked in March-April 2013 (Figure 1-10a).  The majority of notified cases were in 

children (Figure 1-10b), with the highest cases per capita in those aged under 1 year (>350 

notified cases per 100,000 population).  The outbreak received substantial coverage in local 

and national media [54, 55]. 

 From 1998-2009, MMR uptake in ABMHB was consistently below the Welsh average (with 

lowest routine MMR1 uptake occurring in 2002-04) which was associated with a 1997 

campaign by the main local paper [56] amplified by the UK-wide vaccine scare (§1.1.4.1).  

Outbreak control efforts addressed this vaccination gap (temporal and spatial) via additional 

vaccination opportunities (routine and catch-up) such as drop-in clinics and school activities. 

At least 77,805 catch-up doses of MMR were delivered before the outbreak ended. 
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Figure 1-10  Measles cases in Wales outbreak 2012 13 

a] week of onset 

 

b] age distribution 

 

Source: Public Health Wales. (2013). Outbreak of measles in Wales Nov 2012 – July 2013. 
Report of the agencies which responded to the outbreak, dated October 2013. Cardiff: Public 
Health Wales NHS Trust 
Reproduced under the terms of the Open Government Licence (OGL) 
www.nationalarchives.gov.uk/doc/open-government-licence/version/3/ 
 

In response to the increase in measles incidence (including the Swansea outbreak), in April 

2013 the DH announced a national MMR catch-up campaign [30]. The focus of the 

campaign was 10-16 year olds with sub-schedule vaccination history.  This cohort would 

have been due for routine MMR vaccination in the late 1990s and early 2000 (§1.1.4.1).  The 

objective of the campaign was to achieve 95% uptake of 1+ doses of MMR in this age-group 
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[57] and all GP practices were expected to proactively search for un-/under-vaccinated 

individuals and offer the catch-up vaccination(s).  

An evaluation of the campaign [58], using a weighted sample of target-age children with no 

MMR vaccination recorded in CHIS, showed 11% were vaccinated during the catch-up.  The 

95% coverage (in 10-16 year olds, based on GP records) was achieved by the end of 

August 2013.  MMR doses ordered by GPs indicate that levels of MMR2 and MMR 

vaccination of other age-groups may also have been positively affected by the campaign 

and/or measles outbreak publicity.  A longitudinal comparison of GP records for the target 

cohort showed a 1.8% decrease in unvaccinated children year-on-year  [59].  Both studies 

highlighted difficulties with vaccination data associated with patient mobility and software 

issues. 

1.1.4. Understanding the sub-optimal uptake of MMR(1) 

In the UK, more children are either not included, or sub-optimally included, in the programme 

for MMR than for other routine vaccinations and the UK (as a whole) has yet to meet WHO’s 

national vaccination target for the associated pathogens .  Although national levels of MMR 

uptake recovered to levels seen before the trough of the early 2000s, there is substantial 

geographic variation and the disease threat is very real in some areas.  Indeed during this 

period of recovery, Wales experienced the largest measles outbreak since MMR’s 

introduction (§1.1.3.3). In terms of offering an opportunity to study a vaccination-decision 

process, MMR is the vaccination for which the pros and cons are consciously weighed-up by 

more parents than any other routine childhood vaccination [21].   

Hence, it is proposed to explore MMR1uptake as a means to protect against measles: there 

are patterns in uptake that are of interest, and as it has the greatest potential for parents to 

be able to provide information regarding the vaccination-decision process. 

1.1.4.1. MMR safety scare in the late 1990s and early 2000s 

The temporal pattern in MMR uptake is associated with a well-documented vaccine-safety 

scare [60, 61]. Research published in ‘The Lancet’ in 1998 connected MMR to autism and 

bowel disorders [62] and received mainstream media coverage [63]. Subsequent papers by 

the same lead author sparked further public interest in 2001, and coverage was widespread 

in print, broadcast and online media, peaking in winter 2002 when it was fuelled by high-

profile speculation over Leo Blair’s vaccination status (baby son of the then Prime Minister) 
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[64, 65].  Subsequent research has refuted these adverse event claims [66] and the original 

paper has been fully retracted [67] and the lead author struck-off [32].  

At the height of the controversy, 24% of parents (with children aged 0-2 years) believed that 

MMR posed ‘a greater risk than the diseases it protects against’ [23].  Whilst the prevalence 

of this concern has decreased slowly across the intervening years, risk of autism was still 

specifically cited by 20% of MMR-rejecters in 2008, and in 2010 MMR remained the routine 

vaccination with the lowest “completely safe” rating from parents (46%) [21]. Declines in 

uptake were greatest in affluent areas [68], areas with high population density [69] and in 

children of highly-educated parents [68-70].   

The downturn in MMR coverage after 1998 (Figure 1-5) was most dramatic in the UK, 

although decreases were reported in the Republic of Ireland [71] and other parts of the 

English-speaking world [72], and autism as an adverse event associated with MMR is a 

concern for 30% of parents in Sweden [73].  . 

1.1.4.2. Minority cultures 

It is known that some cultures’ beliefs result in unvaccinated clusters of that community’s 

children.  These cultural beliefs include the refusal of vaccination as espoused by the 

anthroposophic community (believing disease benefits the child) [74] and orthodox Calvinists 

(avoiding interference with divine providence) [75].  In contrast, the British ultra-orthodox 

Jewish community does not reject vaccination per se, but believes that relative cultural 

isolation reduces their risk for many diseases [76].  Another minority culture with low 

vaccination levels is the Traveller community; where access to healthcare poses an 

additional challenge to achieving high uptake.  These example communities have also been 

associated with measles outbreaks in the UK [74, 77] or as sources of imported infections in 

similar communities overseas [78, 79] .  However these identified communities do not 

account for all under-immunisation nor for the temporal pattern. 

1.1.4.3. Evidence from quantitative and qualitative studies into 

MMR(1) uptake 

A number of studies have been identified which have investigated MMR uptake, using 

quantitative, qualitative and mixed methods to investigate the relationships with demographic 

characteristics and personal beliefs of parents, and parent-community interactions.  Given 

the MMR vaccine-scare outlined in §1.1.4.1, this review includes only studies with fieldwork 
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in 1999 onwards, in the UK, and including children without MMR vaccination (or their 

parents). 

Personal beliefs regarding vaccination and vaccine-preventable disease 

Reduced immunisation levels are associated with general concerns about side-effects and 

vaccine safety [80-86, 88-90] with personal awareness of incidents of serious reactions to 

vaccination or vaccine-attributed adverse events reported in some studies [83, 87, 88, 90, 

92].  Qualitative research has suggested that parents frame these risks against the 

perceived vulnerability of their own child [94-96] 

Some studies have found an association between low uptake and a perception of that MMR 

was not supported by sufficient medical research [89, 93], but perceived vaccine efficacy is 

uncorrelated to uptake [86, 93], which would indicate that it is safety research that is thought 

lacking. Reduced uptake is also associated with parental belief that combination vaccines, 

such as MMR, overload the child’s immune system unlike ‘natural’ infection [81, 84, 89, 95].  

Whilst the perception of vaccine disease-prevention efficacy is unrelated to uptake, there is 

an association between low uptake and lower levels of both the perceived seriousness of 

measles [81, 89, 93]  (including qualitative citations of personal experience of serious 

vaccine-preventable disease morbidity [92] ), and of the child’s risk of exposure to the virus 

[88, 97]. Qualitative studies observe that some parents believe they can reduce the child’s 

risk of exposure to vaccine-preventable diseases [91], unlike the child’s reaction to 

vaccination which is out of their control [82]. 

Personal demographic characteristics  

Associations with decreased MMR uptake have been observed with parents who are older 

[19, 89]  and more highly qualified [19, 70, 89]  There is no consensus on an association 

between MMR uptake and working status [83, 85, 93]   and living in areas of deprivation [69, 

98].  The largest quantitative survey analysed [19]  did not provide an analysis of factors 

associated with MMR-rejection per se, instead including multivariate analyses of two MMR-

rejecter subgroups (“singles”-users, and those with no vaccination) and the results presented 

for these two groups are inconsistent for work and income factors.   

Similarly the impact of total family size is unclear [85, 86], including contradictory results for 

the two MMR-rejecter subgroups in Pearce et al [19]; although there is some evidence of 

higher uptake levels for first-borns [89, 93], and no associations were found with the number 

of parents present in the household [83, 85, 86] (again unclear for Pearce et al [19]). 
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The effect of ethnicity is most clearly observed from studies focussing on this factor [61, 99], 

with more sensitive categorisation, which have found highly significant, but not consistent, 

links between ethnicity and MMR1 uptake, and have advanced qualitatively-driven 

explanations such as senior family members’ cultural role, family-ties in countries with higher 

vaccine-preventable morbidity, and limited use of English-language media.  

Parent–Community Interactions 

Several studies report a parental perception of self-interest in HCPs’ recommendation of 

immunisation (or more general distrust or cynicism of government advice) which is then 

associated with reduced uptake [83, 89, 91-94, 97, 100, 101].  Advice is also sought from 

family, friends and the media [21, 80, 82] and other parents’ opinions are trusted more than 

official advice [94, 95, 100, 102]:, with qualitative studies indicating that HCPs can cross this 

divide when they give advice drawing on their own experiences as a parent [88].   

Lack of peer support for vaccination is associated with vaccine refusal [83, 89] and the 

perception of vaccination as a social responsibility is related to increased uptake [87, 89, 

103] with a suggestion from qualitative studies that this is related to the risk of being seen as 

a “bad parent” [87, 97]. There is limited evidence of the impact of organised anti-vaccination 

groups [85, 93]. 

1.1.4.4. Emergence of the research question 

With the exception of highly-educated parents, older parents and ethnicity (the latter 

sensitive to the measurement tool), these data indicate that MMR uptake is not 

well-predicted by demographic factors.  Evidence is inconsistent regarding other 

demographic factors that have been found as correlating with overall routine immunisation 

programme participation (e.g. Samad et al [104] found deprivation, lone parenting, presence 

of siblings, high parental education and ethnicity as all being associated with low uptake).   

Factors emerging from the synthesis of evidence relating to personal beliefs and interactions 

(with HCPs and others) may derive from individual differences in psychology and 

experience, but it is also possible that social or community-level processes contribute to their 

development.  There is a lack of quantitative evidence clearly considering how these beliefs 

relate at different social scales – the analysis in the studies above considered differences at 

the individual level only (with one, ecological study, exception [105] ). 

These studies also point to active engagement with the question of whether to vaccinate with 

MMR, by both eventual vaccinators and non-vaccinators [91, 97, 103].  MMR vaccination 
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was not “automatic” for 25% of parents in 2010 [21]); and Pearce et al [19] found 75% of 

parents with non-MMR vaccinated children had made a “conscious decision” not to 

vaccinate.     

Social contagion theory suggests that attitudes and behaviours may spread via interpersonal 

relationships and result in clustering of similarly-minded or similarly-acting individuals.  

Clustering of susceptible individuals is of epidemiological interest as it has been proposed as 

an explanation for outbreaks in otherwise well-protected populations, [106], e.g. in 

Switzerland and USA [107, 108]. Outbreaks in susceptible clusters may spread into the 

wider population, even in the presence of high immunisation levels.  For example, the very 

large measles outbreak (>22,000 cases) in France during 2008-2011 (with 87%-90% MMR 

coverage nationally) originated in a group of religiously-motivated vaccine-rejecters [109] 

[111].  In addition to outbreaks seeded through local transmission, measles outbreaks in 

clusters of susceptibles embedded in the general population have been recorded, where the 

index case was an imported infection (e.g. in Denmark [110]). There is evidence that 

clustering of unvaccinated individuals can lead to major outbreaks at higher population 

immunisation coverage than if vaccination behaviour is homogeneous [112], hence 

disproportionately hindering attempts to eliminate vaccine-preventable diseases. 

 

We hypothesise that vaccination-decision influences that act across social networks may 

generate clusters of individuals with similar vaccination opinions (specifically regarding 

MMR), and act as a mechanism that contributes to small-scale geographic variation in 

MMR1 uptake and so affect the potential for measles outbreaks 
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1.2. Mathematical modelling of the vaccine-decision process and 

resultant infection dynamics 

As a part of the aim to understand the hypothesised processes, it is intended to build a 

mathematical model of the parental MMR vaccine-decision process and the measles 

infection dynamics in the corresponding child population.    

A selection of models relevant to the component concepts within the research question 

(Figure 1-11) is given here.  These models are of different types (not only mathematical) and 

from a range of original provenance (including epidemiology, psychology, economics, 

anthropology).  This selection is not comprehensive in all areas, and is not intended to offer 

fully-detailed expositions or informed critiques of each model.  However it is presented to 

provide a background to existing formulations that have been used to explore questions 

related to this research and to provide inspiration for possible alternative formulations.  

Figure 1-11 Component concepts within the research question, with relevant 
potential interactions 
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1.2.1. Infection transmission models 

There is a long history of mathematical models of measles transmission.  Simple 

Susceptible-Infected-Recovered (SIR) and Susceptible-Exposed-Infectious-Recovered 

(SEIR) models have been used successfully and explored temporal patterns of measles 

cases observed prior to vaccination introduction in the UK, e.g. Fine & Clarkson [113] 

including the potential for chaotic dynamics e.g. Olsen & Schaffer [114] More sophisticated 

models have also been developed, notably the Realistic Age Structured model by Schenzle 

[115]. 

1.2.2. Network models 

Social network analysis (SNA), in which individuals are represented by nodes, joined to each 

other by edges representing social connections, has been used to model a variety of 

processes in a range of fields, including health and specifically infectious disease dynamics  

[116, 117].  When compared with equivalent models using mean-field representations, these 

models (where potential transmission events only occur between directly-connected 

individuals) predict different infection dynamics, with the exact properties also dependent on 

the structure of the network itself.  Network structure can be characterised by measures 

such as the node degree distribution and measures of clustering such as transitivity 

(presence of closed triads).   The relationship between degree distribution and infection 

transmission across network is better understood that the influence of clustering [118].  

Examples exist where the network structure increases the potential for infection outbreaks, 

e.g. power law degree distributions.  The majority of the literature considers static networks, 

although some more recent models investigate dynamic networks.  For information 

networks, there are two hypothesised processes of social contagion: “simple contagion” and 

“complex contagion” [119] in the latter, clustering may improve the successful adoption of 

innovations, through increased peer-reinforcement [120] 

1.2.3. Decision models 

Models of decisions have been developed in many social science disciplines, and these may 

have relevance for parents’ vaccination decisions. We indicate here some pertinent models, 

and inputs to these models (such as perceived risk); this treatment is necessarily brief. 

Game theory has been applied to many decisions of strategies to be adopted from a discrete 

number of choices, initially in the field of economics [121].  It is assumed that individuals 



36 
 

calculate the ‘payoff’ each strategy would achieve against the strategy adopted by others, 

and then adopt the strategy that maximises this individual value (which may not be the same 

strategy that gives the optimal utility calculated at a population level).   When applied to 

decisions made by individual humans, this model raises the question as to what measures 

are used to inform the ‘payoff’; classical game theory assumes individuals have perfect 

knowledge of the strategies and their associated risks, costs and benefits. This may be an 

unrealistic assumption and some applications use perceived values or sample-based values 

in place of population statistics.  Individual’s judgements of the payoff may be subject to 

biases, such as omission bias [122] and delay discounting [122], and if strategies are 

updated during the individual’s lifetime, there is the question of whether perceptions of 

payoffs are dependent on the existing strategy state. 

Psychologists have developed of models to specifically explain adoption of health 

behaviours, including the Health Behaviour Model [123], Theory of Reasoned Action [124] 

and Theory of Planned Behaviour [125]. These have been employed to produce quantitative 

explanations of variation in behaviour, including MMR2 uptake (Ticker [103] using the 

Theory of Planned Behaviour). 

Finally, we note two specific models for vaccination behaviour.  Salisbury (cited in Yarwood 

et al [20]) proposed categorising the reaction as the result of interplay of two fears, that of 

the vaccine and the vaccine-preventable disease, (Figure 1-12a); this reaction may be a 

dilemma resolving to either outcome.  The ‘SAGE Working Group’ on vaccine hesitancy 

[126] uses a framework incorporating the concepts in the 3 C’s model (first proposed by 

WHO EURO Vaccine Communications Working Group), which encompasses a wider 

context: ‘confidence’ not only in the vaccine but in health professionals and policymakers, 

’complacency’ and the ‘convenience’ of vaccination access (Figure 1-12).    
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Figure 1-12  Models of vaccine behaviour 

a] Fear of vaccine vs fear of disease   b] Three C’s 

 

 

 

Yarwood et al, [20]  MacDonald et al [126] 

1.2.3.1. Information and evidence used to inform decisions 

All these models rely on information and evidence as inputs.  Cognitive psychology includes 

investigation on how external stimuli are processed and the biases that may be introduced 

(at that stage or during later recall).  Psychologists have proposed that individuals employ 

heuristics in obtaining and assessing evidence, e.g. availability, anchoring and 

representative heuristics [127]. These can result in biases, as subsets of evidence are used, 

and the proposal that humans have only bounded rationality [128] .  Information from 

different sources may be regarded as having different quality (e.g. Casiday [87]) and the 

current status of the individual can affect how evidence is processed (e.g. confirmation bias 

[129], backfire effect). These processes may thus affect the inputs that are used within an 

individual’s decision process, and correspondingly the choices made in modelling this 

process. 

Risk perception has received considerable attention from researchers; two high-profile 

models are summarised here. Originally developed by anthropologists, the Theory of Culture 

[130] allocates individuals to categories arising from a two-dimensional (grid and group) 

mapping of ways of living (Figure 1-13).  The Theory proposes that individual’s perception of 

a specific risk (e.g. vaccination [131] ) is framed by the category to which they belong, as 

their societal context creates “cultural bias”. The Psychometric Paradigm of Risk [132] 
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proposes that perceived risk is largely determined by certain attributes of the hazard itself: 

novelty and dread (some versions of the model also include social trust i.e. the degree to 

which the lay population trust the experts and authorities who control the hazard).  These 

attributes have been incorporated into tools that can be used to analyse a given hazard’s 

potential to create “community outrage” due to high perceived risk e.g. Sandman’s model of 

public risk perception (applied to the MMR scare by Burgess et al [72]) 

Figure 1-13  Theory of Culture "grid-group" mapping of social relations 

 

‘Grid’ axis: extent to which societal stratification constrains an individual’s way of life 

‘Group’ axis: extent to which the individual lives as part of a bonded group with shared 

choices 
 

Douglas & Widavsky [130] 

1.2.3.2. Influence of others on individuals’ decisions 

Some decision models assume that the decision will be based on a measure of the 

decisions already taken within the population, without separate consideration of reasoning 

behind that decision.  These models include ‘imitation’ and ‘majority rules’, economists have 

noted that these sequential application of the latter creates a “rational herding” effect [133]. 

Psychological experiments have shown that the presence of others can affect the decisions 

that individuals take, with informational and normative influences affecting decisions [134].  

SNA has explored the contribution that social network membership can have on influencing 

individual decisions.  This influence may be through the conscious sourcing of information to 

be used in decision-making (such advice networks have been studied within organisations 

[135, 136] ).  Social Contagion Theory proposes that the network ties themselves create 

communities with shared beliefs and behaviours.  This process has been explored for some 

health behaviours [137-139] and for risk perception [140]. 



39 
 

1.2.4. Mathematical models of information-behaviour-infection 

systems 

1.2.4.1. Review of the most relevant mathematical models 

The epidemiological literature contains a number of mathematical models considering the 

interplay of infection dynamics and information (derived directly or indirectly from infection 

prevalence) that is assumed to influence individuals to adopt specific infection-transmission-

related behaviour.  A subset of these models are reviewed here, focussing on those whose 

assumptions are closest to those appropriate for modelling the hypothesised mechanism of 

the research question. 

Thus details are not given for models that do not consider (some) decision-process inputs 

and the infection process as being transmitted along social network edges. This excludes 

several models of vaccination where the decision process is modelled by using game theory 

in which payoffs are calculated based on population level prevalence or on a random sample 

of population member(s) (using either “perceived” probabilities, functionally linked to actual 

prevalence, or perfect knowledge of the modelled values) e.g. Bauch et al 2003, Bauch & 

Earn 2004, Bauch 2005, Bhattacharyya & Bauch 2011, Reluga et al 2006 [141-145].  Some 

models adjust the evaluated payoff values for perceptions e.g. Voinson et al  [146] (adjusts 

by the agent’s current strategy - “confirmation bias”), Oraby et al  [147] (weight by strategy’s 

population prevalence – “social norm”) . Several game theoretic models, with various 

assumptions, have found population optimal vaccination uptake is not achieved through 

individuals maximising their own strategies, and the potential for oscillations about 

equilibrium points. Other models in this category:  Del Valle et al 2005, House 2011, Fu et al 

2011, Codeco et al 2007, Shim et al 2012 [148-151]. 

Similarly, details are not given for models which represent behaviour-change as rewiring of 

the host social network (inappropriate for representing vaccination) e.g. Gross et al 2006, 

Epstein et al 2008, Shaw & Schwartz 2008, Zanette & Risau-Gusman 2008,Van Segbroek et 

al 2010 [152-156]. 

For simplicity, it is assumed that vaccination is fully protective, conferring lifelong immunity 

(acknowledging MMR does not take perfectly, with approximately 90% of individuals 

seroconverting after [28]).   Hence models with no immune class are not detailed nor those 

where the behaviour reduces susceptibility (or infectiousness) rather than conferring 

immunity (although these could be adapted by considering the extreme case where the 
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reduction proportion parameter is set to 1, the general results discussed in the papers 

assume some intermediate value) e.g. Funk et al 2009, Funk et al 2010, Kiss et al 2009, 

Hatzopoulos et al 2011, Bagnoli et al 2007 [157-161]. 

For specific relevance to the routine immunisation, details are not given of models which 

meet the above criteria and use vaccination-choice as their behaviour dynamics, but which 

act on a timescale closer to reactive vaccination in the face of an outbreak or for reaction to 

repeated infection seasons.  Such models include those by Perisic & Bauch [162, 163] 

(game theory models using perceived risks based on infection status of immediate social 

network alters, and find a node degree threshold for infection to escape this ‘ring vaccination’ 

process)  and seasonal influenza models [164, 165]. 

Although these excluded models are not detailed here, they provide a wider pool of 

functional forms which can be adopted should observations indicate they offer a reasonable 

representation of the decision process.   We note some recent game theory models include 

two functional forms, agents proportionally selecting the optimum self-interest payoff or a 

strategy calculated from another functional form e.g. Ndeffo Mbah et al 2012 (alternative is 

imitating a social network alter), Xia & Liu 2013 (a weighted average of all alters’ strategies – 

local “social norm”), Shim et al 2012 (payoff includes incremental total payoff for the 

population – “altruism”) [151, 166, 167]. 

We also note that the majority of the models assume that the population (and any associated 

structure) that form the information source is the same as that which is relevant to the 

spread of infection.  Eames [168] (parent and child) and Fukuda et al [165] (assumes a 

duplex structure on a single population with different networks for payoffs evaluation and 

infection transmission) are exceptions. 

This process has highlighted five models of particular relevance to the research question, all 

consider the active vaccination ‘decision’ process and infection dynamics occur sequentially, 

i.e. all vaccination decisions are made (and nodes are vaccinated according to the final 

opinion) before the infection is introduced to the network (which is static) and outbreak 

dynamics investigated.  They differ in the decision formulation, how the final decision is 

identified and the underlying network(s). 

These include the models of Ndeffo Mbah et al, and Xia & Liu discussed above [166, 167].  

In both models, initial vaccination opinions (pro- or anti-) are randomly allocated and then all 

nodes update their opinion in parallel  according to the formulations described above – a 

proportion selecting the game theoretic optimum, others adopting the strategy of their 

alter(s).  Updates are repeated until a steady state is reached.  Ndeffo Mbah et al compare 
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results on three networks, Xia and Liu use a network based on empirical data from a high 

school.  Both find that greater use of the imitation-style formulation increases uptake of 

low-cost vaccines and decreases uptake of high-cost vaccines.  The models find results also 

depend on the network used (Mbah et al) or initial conditions (Xia Liu). 

Campbell & Salathé 2013 [169] treat the decision process as the spread of anti-vaccination 

opinion within an initially fully supportive population, represented by small world networks 

with varying degrees of rewiring.  Nodes are exposed to quanta of anti-vaccination sentiment 

from alters and from an external information source, they adopt that opinion once a threshold 

of cumulative exposure is reached.  Vaccination occurs once a fixed level of anti-vaccination 

has been generated.   They find that clusters of anti-vaccination form and that there are 

fewer, larger such clusters when the exposure threshold for adoption is greater than one; 

these clusters then support larger outbreaks. 

Models by Salathé & Bonhoeffer [170] and Eames [168] are related, but use different 

networks.  They each consider families of networks generated from a single network-

generation algorithm, Eames using separate parent and child networks. Vaccination opinions 

are initially allocated randomly, but nodes are randomly selected and change their opinion 

with probability proportional to the percentage of alters with that opposing view, this selection 

repeats a fixed number of times before vaccination and infection occurs.   Both models find 

vaccine-rejecters clusters are formed, and that the probability of outbreaks increases as the 

constant of proportionality in the decision-changing probability increases, and that this effect 

can produce major outbreaks even in highly-vaccinated populations.  Eames finds the further 

result that the strength of the effect on infection dynamics (from vaccination-decision cluster-

formation) is moderated by the amount of overlap between the adult and child networks.  

1.2.4.2. Implications for exploration of the research question 

Most models reviewed here are treated from a theoretical perspective only, without empirical 

data to inform functional forms, parameter values or network structure, nor comparison of 

the predicted results with observations (of infection incidence or behaviour/opinion 

prevalence). 

It is unclear if the included network-generation algorithms create a realistic social network 

structure, and in the case of childhood vaccination whether a similar algorithm is appropriate 

for both parents (making the decision) and children (exposed to infection). The assumptions 

and results of the highlighted models indicate that network structure parameters for both 

decision-making and infection network should be considered, such as node degree, 



42 
 

measures associated with network algorithm (e.g. clustering), and overlap between 

decision-making and infection networks. Specifically in relation to the realism of social 

structure for childhood vaccination and infection, in Eames [168] (the only childhood 

vaccination model highlighted) the adult-child networks are in 1-1 node correspondence; 

excluding situations where parents have more than one child or sample opinions from adults 

without a child in the infection network (e.g. their child’s grandparents).   

The criteria used to identify the ‘final’ opinion (fixed number of sequential decisions [168, 

170], fixed vaccination proportions [169] or steady state ( [166, 167] ) may create artefacts in 

the level or distribution of vaccination-acceptance.  Campbell & Salathé acknowledge that 

the fixed vaccination end-point creates a necessary relationship between the size and 

numbers of clusters formed.  Specific to Eames there is the consideration of whether 

artefacts are formed by the forced “balancing” of opinion-changes (to maintain constant 

vaccination-support within the population), especially if this contributes to the opinion-

clustering by increasing the proportion of intra-dyad agreement.   

It may be possible to incorporate some aspects of other decision-process models, 

observations from the existing body of MMR research, or empirical data into the selection of 

the function form(s) used for the decision-process.  In terms of incorporating the existing 

social science decision-models, well-established, validated non-vaccine-specific 

measurement tools exist for a number of the factors or vaccine-specific tools have been 

piloted in other studies (e.g. “Immunisation Beliefs and Intentions Measure” [171] ).  

However, it is acknowledged that several of these have a substantial respondent burden 

(e.g. 58 measures in Tickner‘s tool [171]) 

Finally, in addition to the investigation of the theoretical assumptions included in the 

construction of the mathematical model to be used in the exploration of the research 

question, it requires parameterisation specific to the MMR vaccination-decision and measles 

infection dynamics within the UK.   
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2. Small Area Statistical Analysis 

2.1. Motivation 

The spatial analysis of surveillance data (Chapter 1) reveals variation in MMR1 uptake at a 

PCT scale, which is the smallest geographic scale routinely reported in surveillance data.  

From these data it is not possible to determine if the uptake is also non-homogenous at 

geographical scales below this.  The level of vaccine uptake acts both to determine the 

supply of susceptible individuals in a locality, and the extent of protection provided by the 

herd immunity effect.  The ability for herd immunity to contain the potential spread from an 

index case to an “outbreak” is a process which acts at a spatial level below PCT regions.  

Hence an examination of vaccine uptake on a small geographical scale is of interest to gain 

a deeper understanding of the outbreak risk. 

Mathematically, uneven uptake distribution within a PCT may create local geographies with 

uptake below the PCT’s mean.  Such regions of under-vaccination have an increased risk 

that the presence of a measles case results in onward transmission in this local area 

(compared with an otherwise identical region).   Conversely other local geographies may 

have above-average uptake and are associated with a correspondingly lower risk of onward 

transmission.   It is noted that it is on this spatial scale (below PCT) that several measles 

outbreaks in the UK have operated (e.g. [172, 173]).  Furthermore geographical analysis of 

two more-widespread outbreaks (Merseyside 2012 and Manchester 2012-3) also reveals 

uneven case distribution.  Both these outbreaks numbered hundreds of infections, spread 

across more than one PCT, but the incidence measured on smaller geographies within the 

defined outbreak area -  middle super-output area for Manchester [174], ward for Merseyside 

[175] - demonstrate this non-homogeneity (Figure 2-1). 
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Figure 2-1 Geographic distribution of cases in the Merseyside and Manchester 
outbreaks 

a] Geographical distribution 

of confirmed (n=359) and 

probable (n=157) measles 

cases, Merseyside, England, 

January-June 2012 

 

b] Measles rates by Middle 

Super Output Area (MSOAs)a, 

Greater Manchester, England, 

October 2012–September 

2013 (n=486 probable and 

confirmed cases) 

 
 

a] SOURCE: Vivancos et al figure 3  [175] 
b] SOURCE Pegorie et al figure 2 [174] reproduced under Creative Commons Attribution 
(CC BY) 
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Such incidence patterns will be affected by local variation in factors affecting transmission 

(e.g. contact rates), case reporting, treatment and outbreak response activities, in addition to 

any underlying under-vaccination spatial heterogeneity.  Thus, local variation in incidence is 

insufficient to confirm that non-homogeneous vaccine uptake is present on spatial scales not 

reported in surveillance data.  So, in order to determine if small scale variation in vaccine 

uptake is observed in practice, with associated outbreak risk implications, an analysis of 

uptake data with suitable, additional spatial granularity is required. 

Some of the factors identified in qualitative and quantitative studies (Chapter 1) as having 

possible association with MMR1 uptake vary on small spatial scales.  Studies have 

investigated a potential correlation between MMR vaccination status and an area-defined 

characteristic, deprivation, albeit with inconsistent conclusions [19, 69, 98, 176].  PCT 

regions can exhibit social diversity with population profiles of demographic characteristics 

varying on smaller spatial scales, including those considered in these studies, such as 

ethnicity [19, 61, 99, 176], working status [19, 83, 176]  and income [85, 93].  We therefore 

secondly consider the relationships between these factors and MMR1 uptake, as measured 

at a population level for sub-PCT areas, and the extent to which any variation in these 

factors can explain any observed spatial variation in MMR1 uptake. 

2.2. Methods 

Data for statistical analysis were sourced from existing surveillance and census sources.   

The period of MMR1 uptake analysed was April 2011- March 2012. The time period used for 

data collection for other variables was selected to be as contemporaneous as available for 

the preferred source (as detailed below).  All data used was supplied at a spatial granularity 

at least as great as the geographical unit used for analysis (Ward, see below). 

2.2.1. Vaccine uptake data 

Surveillance data for MMR1 uptake in England are prepared via the COVER system  [10] .    

The published information is the uptake for the specified period, i.e. proportion of children 

who had their 2nd birthday during the period who were vaccinated, by PCT, region and 

nation.  Data for smaller geographic units are not held by Public Health England (PHE), so 

are not available for analysis. 

The COVER data is derived from information supplied by PCTs taken from their Child Health 

Information System (CHIS), which in turn is supplied by GP practices; this detailed 
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information is retained by the PCT and not supplied to PHE [177]  Hence we examined the 

MMR1 uptake data from CHIS as held by PCTs, as this is directly compatible with COVER 

surveillance data, but can be summarised by smaller geographical units than the figures 

published by PHE.  

2.2.2. Geographical units and ethical considerations 

The geographic unit used for the small scale analysis is a Ward, defining this as 

Administrative Ward with 2011 boundary definitions.  The boundaries for these regions are 

chosen by ONS to be temporally stable (Ward populations are not equal, and will fluctuate 

with time) [178].  They form part of the nested hierarchy of statistical measurement 

geography used by ONS.  Specifically 98% of wards are coterminous with Lower Layer 

Super Output Areas (LSOA) which are elements of the Super Output Area geography used 

in datasets from Census 2011.  Super Output Areas and Wards all nest within Local 

Authority areas, the majority of which are themselves conterminous with PCTs (as defined in 

March 2011).   

Ward-level data sourced from ONS may be subject to disclosure controls, due to 

identification issues inherent with combinations of geographical units and variables which 

produce small cell numbers [179].  Similarly, we followed guidelines produced by the 

Association of Public Health Observatories [180] regarding cell threshold numbers that 

would trigger requesting disclosure measures to be applied to CHIS-sourced information 

from PCTs.   

The request for MMR1 CHIS data summarised by Ward was conducted under NHS REC 

11/EE/0343 ethical approval.  The PCTs approached to supply MMR1 uptake figures by 

Ward were those of particular epidemiological interest.  They were defined as those PCTs 

which reported MMR1 uptake figures in the lowest decile for England in any of the following 

COVER reports (the most recent published prior to Ethical Approval submission): annual 

reports for 2008-9, 2009-2010 and quarterly reports for 2010-2011 [35, 36, 181-184]).  (The 

PCT names and boundaries used are as were in operation in March 2011).  33 PCTs fall into 

this definition (listed in Chapter 4, Table 4-3) and were included under the REC 11/EE/0343 

ethical approval.  The majority of these PCT are located in Greater London (Figure 2-2).  

A second tier of approval was required for data release itself, and was only secured for one 

PCT – Great Yarmouth & Waveney.  
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Figure 2-2  Map of PCTs of greatest epidemiological interest 

 

2.2.3. Variables considered for inclusion 

Factors considered for inclusion in the analysis, as having a possible association with MMR1 

uptake, were selected from those used in previous qualitative and quantitative studies on 

MMR1 uptake in the UK (Chapter 1).  Analysis of these studies grouped these into three 

areas as follows: 

 personal vaccination/diseases beliefs: general concerns about side-effects and 

vaccine safety, personal awareness of serious reactions to attributed to 

vaccination, perceived vaccine efficacy, perceived seriousness of measles 

 demographics of the parent: parent age, educational achievement, working 

status, income, deprivation, family structure (size and number of parents 

present), ethnicity  

 parent-community interactions: trust in HCP, distrust of authority and 

government, non-professional advice (from friends, family and the media) 



48 
 

 

Additionally factors that have the potential to affect vaccination access logistics have been 

considered: 

 registration with a GP, urban/rural location, demand on childhood vaccination 

services, appointment communications and proficiency in English. (Logistics has 

also been proposed as an underlying mechanism behind some previously 

identified variables e.g. parental working status, ethnicity) 

In the following analysis, we will refer to each of these potentially associated factors, 

measured at a ward-level as a ward-characteristic.   

2.2.4. Data sources 

The 2011 UK Census is used as the data source for the following ward-characteristics 

(directly or by proxy): 

 age of parents: using the ‘Age of Family Reference Person (FRP)’, obtained from 

the derived variables ‘’Age’ (AGE) and ‘Family Reference Person’(FRPPUK11) 

[185],  cross-tabulated with  ‘Youngest dependent child in family’(DPCFAMUK11)  

[186], reported for all families. 

 educational achievement: using the derived variable “Highest Level of 

Qualification” (HLQPUK11) [185, 187], reported for all usual residents aged 16 

and over.  

 working status: using the derived variable “Economic Activity” (ECOPUK11) [185, 

188], reported for all usual residents aged 16 and over.  

 family structure – family size  using the derived variable ‘Dependent children’ 

(DCHPUK11) [185, 189], reported for all families. 

 family structure – parents present: using the two ‘Lone parent family’ categories 

of the derived variable ‘Family Type’ (FMTFAMUK11) [185] cross-tabulated with 

‘Youngest dependent child in family’(DPCFAMUK11) [189] , reported for all 

families. 

 ethnicity: using derived variable “Ethnic Group” (ETHNICID) [185, 190], reported 

for all usual residents. 
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 demand on childhood vaccination services : via a proxy variable, the percentage 

of the population aged 0-4, calculated using the derived variable “Age” (AGE) 

[185, 191] , reported for all usual residents  

 proficiency in English: using the “English as Main Language” category of the 

“Proficiency in English” variable (MAINLANGPRF11) [192] , reported for all usual 

residents aged 3 and over. 

The census offers the benefit of being near contemporaneous with the start of the CHIS data 

period (1 April 2011 – 31 March 2012), as the data was collected on 27 March 2011 [193] .  

The census methodology also provides population data (minimising sampling error), and 

data is published at Ward level for all the variables used.  

The 2011 census is also the source for the population data used in the calculation of 

population density, which is used as a proxy for urban/rural location: 

 urban/rural location: via the proxy variable “Population Density (people per 

hectare)”  [194] 

Again this is published at Ward level, using the Ward 2011 boundaries. 

Deprivation data is taken from the English Indices of Deprivation (IOD), produced by ONS, 

described as “the official measure of relative deprivation for small areas” ( [195] p1).  The 

2015 IOD is used, as most of the data used in generating the indices relates to the tax year 

2012-13, which is closer to the CHIS data period than the data used in the previous release 

of the IOD (2010 IOD) [195, 196].  

The IOD includes measures for each of seven domains which represent different aspects of 

deprivation: “Income Deprivation”, “Employment Deprivation”, “Education, Skills and Training 

Deprivation”, “Health Deprivation and Disability”, “Crime”, “Barriers to Housing and Services” 

and “Living Environment Deprivation”.  These measures are each calculated using a basket 

of indicators. Given the multivariate nature of the deprivation data, a supplementary analysis 

is included to determine if dimension reduction can be usefully undertaken to produce a 

more parsimonious measure of deprivation (see §2.2.6.2).  This supplementary analysis also 

considers the published overall Index of Multiple Deprivation (IMD), which combines values 

from all seven domains, and - given our objective of assessing the association with variation 

in MMR1 uptake - the Income Deprivation Affecting Children Index (IDACI), which is a 

supplementary IOD index. 
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The Quality and Outcomes Framework (QOF) was identified as a source of variables that 

might be used as proxy for the ward-characteristics relating to GP appointments and access.  

The QOF is reported by GP practice and QOF 2011-12 [197] is exactly contemporaneous 

with the CHIS data period.  The following QOF 2011-12 indicators were selected as relevant 

proxies for this study: 

 Child Health Surveillance (CH501) [198]  

 Patient Experience (PE01) [199] 

QOF 2011-12 for Great Yarmouth & Waveney PCT includes data from 27 practices.  

However, all 27 practices reported the same values for both the selected indicators.  

Variation by Ward in these indicators may exist by Ward, but any estimates of Ward values 

calculated from these practice-level data will not show variation. Given the objective of the 

current analysis is the examination of small spatial scale variation (using Wards as the 

spatial unit) these ward-characteristics have been excluded. 

For the remaining ward-characteristics listed above (§2.2.3) no suitable data sources have 

been identified.  None of the potential sources identified publish data on the required spatial 

scale, and secondary analyses to obtain Ward data are not feasible due to original survey 

methodology (e.g. DH/COI CITS [21], which reports on most of the factors grouped under 

Personal Beliefs and the use of non HCP information sources), issues of patient 

confidentiality (e.g. vaccine-attributed adverse events [27]) or the likely extent of disclosure 

measures.     

Where possible the demographic data obtained from the census is extracted for the sub-

group most relevant to routine childhood immunisation (parents of, or families containing, 

dependent preschool children) in preference to the full resident population.  The ability to 

apply this restriction is limited by the sub-groups that are published at ward level for each 

measurement.  Also where a restriction results in zero-value cells a less stringent restriction 

is applied (zeros may remain present in ‘all residents’ data).  The sub-groups used for the 

base populations used are given in Table 2-1.
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Table 2-1  Summary of ward-characteristics included in the analysis 

 

Ward-characteristic Measured variable (source) Units: Base population used 

Age of Parent Age of FRP (Census 2011) Family: with youngest dependent child age 0-4 years 

Educational achievement Highest Level of Qualification (Census 2011) Persons: age 16 and over in family with dependent child  

Working status Economic Activity (Census 2011) Persons: age 16 and over 

Deprivation IMD, IOD domains, IDACI subdomain (IOD 2015) n/a 

Family size Dependent Children (Census 2011) Family: all 

Parents present Family Type (Census 2011) Family: with youngest dependent child age 0-9 years 

Ethnicity Ethnic Group (Census 2011) Persons: all usual residents 

Urban/rural location Population Density (Census 2011) n/a 

Demand on childhood 

vaccination services 
Age (Census 2011) Persons: all usual residents 

Proficiency in English English as Main Language (Census 2011) Persons: age 3 and over 
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2.2.5. Data preparation for comparison at ward level 

The IOD data are published for LSOA, which are more spatially granular than Wards [195].  

Thus, these data are first converted to Ward-level data using the process recommended by 

ONS [200] .  In summary, this process first identifies the LSOAs contained in each Ward and 

then produces a population-weighted average score for the Ward.  (No additional 

assumptions were required in this process as all of LSOA and Wards in the study region 

(Great Yarmouth & Waveney PCT) are coterminous).   

To identify the LSOA for each Ward, tables allocating census Output Areas (OA) to LSOA 

[201] and allocating OA to [202] were used in a two-step allocation of LSOA to Wards (as no 

direct allocation of LSOA with Wards is published). 

Figure 2-3  Example geography hierarchy within one ward  

(Pakefield E05007243) 

 

 LSAO Output Areas  
 

Source: Edit from NeSS Map Viewer, used under Open Government Licence v3.0, 
http://neighbourhood.statistics.gov.uk/dissemination/LeadBoundaryViewer.do?xW=1280&xH
=800 

The population to be used in the weighted-average calculations is specified for each domain 

and sub-domain of the IOD 2015 [203]. It is defined as the “population at risk” for the 

specified measure of deprivation, e.g. a working age restriction is used in calculating 

populations for use with the Employment deprivation domain, and the majority are derived 

from ONS mid-2012 population data. 

2.2.6. Data analysis 

The data analysis was performed using SPSS software (version 22) [204]  with one 

exception (detailed below §2.2.6.1).  The variation in MMR1 uptake by Ward was quantified 

and compared with the variation observed at the larger spatial scale of PCTs (as used by 

COVER data). 
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For each of the ward-characteristics, an exploratory analysis was performed, including 

variation by Ward and its relationship with MMR1 uptake (categorisation of correlation 

strength taken from Evans [205] e.g “weak” for correlation coefficient in [0.2,0.4) ).   

These exploratory analyses are used to inform a regression analysis, with MMR1 uptake as 

the dependent variable.  The regression analysis uses a GLM with a logit link function, with 

the dependent variable for each data-point regarded as the results of a Bernoulli trial for 

each child in the ward (trial success defined as being vaccinated). Both univariate and 

multivariable regression analyses are conducted. 

2.2.6.1. Handling compositional datasets 

It is noted that for several of the ward-characteristics, the data are derived from categorical 

variables measured by individual (person or family). So, when collated to form a Ward 

data-point, the factor is represented by a set of percentages for each level in the original 

categorical measurement, i.e. compositional data.  The ward-characteristics affected are 

“Age of Parent”, “Educational Achievement”, “Working Status”, “Family Size” and “Ethnicity”.   

The compositional datasets, with each Ward’s data-point of the form   (       )  with 

     and ∑   
 
   , present two complications in a regression: they contain a (summation) 

constraint (reducing the degrees of freedom), and the number of variables used to describe 

the factor is not a single categorical variable (with D levels) but D variables.  Hence a 

dimension reduction analysis is performed on the set of compositional data for each of these 

ward-characteristics and (as with the original compositional data) an exploratory analysis 

completed prior to the regression.   

Principal component analysis is a not suitable dimension reduction procedure for 

compositional data [206] .  The compositional data dimension reduction was performed 

using procedure described by Filmoser et al [207]  and codified in the robCompositions 

package (version 2.0, 2016) in R (version 3.2.4 Revised, 2016) [208, 209].  Two log ratio 

transformations of compositional data are used in this process: the centred log ratio, 
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The compositional data undergo an isometric log ratio transformation to enable principal 

component analysis, producing (D-1) components, the results are then back-transformed to 

the centred log ratio space to facilitate interpretation in terms of the original variables [207]. 

It is noted that log ratio transformations fail when a zero-value cell is present. In such cases 

the zero values are replaced with imputed strictly positive values using an assumption that 

these values represent percentages below a “detection limit” of 1 person (although it is 

known that these are indeed records of zero people).   

2.2.6.2. Supplementary analysis of the multivariate deprivation 

data 

The IOD contains sets of data each measuring relative deprivation for seven domains.  

Given the number of data points in the main analysis (40 Wards), this multivariate data may 

not be appropriate; hence a more parsimonious measure of deprivation is considered.   

Within the IOD data release a single measure of relative deprivation is included, the Index of 

Multiple Deprivation (IMD).  The data for the seven domains are combined in a fixed manner 

(for all geographies within England), for the IOD 2015 this is as follows:  

 Income Deprivation (22.5%) 

 Employment Deprivation (22.5%) 

 Education, Skills and Training Deprivation (13.5%) 

 Health Deprivation and Disability (13.5%) 

 Crime (9.3%) 

 Barriers to Housing and Services (9.3%) 

 Living Environment Deprivation (9.3%) 

This fixed calculation may not deliver an appropriate set of values to represent the variation 

in deprivation across the study region.  Additionally, it is thought that the child-related income 

deprivation measurement (IDACI) may be more appropriate to in a study of factors affecting 

child vaccination uptake than the (all) income deprivation measure included in the single 

score and standard set of domains. 

Hence we produce two alternative deprivation measures generated from a dimension 

reduction analysis of domain data, one using the income deprivation domain and one where 

this is replaced with child-related income deprivation.  As above, an exploratory analysis is 
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completed for the resultant components, and they are compared with the standard single 

deprivation score prior to the regression analysis.   

The dimension reduction for the deprivation domains is performed using non-linear 

(categorical) principal component analysis (CATPCA) [297] as the domain scores include 

both scale and ordinal data variables. 

2.3. Results 

CHIS data for MMR1 were supplied by Great Yarmouth & Waveney PCT [177] and 

contained no merged wards. 

Great Yarmouth & Waveney PCT (as defined in March 2011) is located in East Anglia in 

England.  It is coterminous with the Local Authorities of Great Yarmouth (in Norfolk) and 

Waveney (in Suffolk).  The total population is 212,531 [211].  It contains 40 Wards and 134 

LSOA.  Ward populations range from 2,150 to 8,681.  The PCT-level MMR1 uptake in 

2011-12 was 92.7% (of 2,410 children) [38].    

2.3.1. Variation in MMR1 uptake 

Within Great Yarmouth & Waveney PCT, ward MMR1 uptake ranges from 85.9% to 100.0%, 

with mean 93.4% and variance 15.8 (n=40).  A hypothesis that these ward data-points are all 

drawn from a common distribution is not supported by the results of an appropriate test of 

proportions (Fisher Exact, p=0.40 : mean from 10 multiple Monte Carlo estimates each 

based on 100,000 sampled tables).  The Marascuilo procedure [212] is performed on all 

pairwise combinations of wards, to check if this non-homogeneity is caused by specific 

ward(s) being significantly different to the others.  No significant results are found (at 0.05). 
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Figure 2-4  Map of MMR1 uptake by ward in Great Yarmouth & Waveney PCT 
2011-12 

 

MMR1 uptake data from Raworth [177] 

Figure 2-5  Box plots of MMR1 uptake at different nested spatial granularities 

a] Great Yarmouth & 

Waveney PCT by Ward 

b] East of England SHA by 

PCT 

c] England by SHA 

   

Mean = 93.4% 

Variance = 15.8 

(n=40) 

Mean = 91.4% 

Variance = 2.8 

(n=13) 

Mean = 91.8% 

Variance = 5.5 

(n=9) 
 

Raworth, NHS Info Centre [38, 177]  
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The variance observed within ward-level MMR1 uptake within Great Yarmouth & Waveney 

PCT is greater than that observed for PCT-level uptake within East of England SHA (which 

contains Great Yarmouth & Waveney PCT) and for SHA-level uptake within England (Figure 

2-5). 

2.3.2. Exploratory analysis of ward-characteristics 

The association with MMR1 uptake for each ward-characteristic analysed uses a Spearman 

correlation throughout.  It has been used due to the number of ward data-points available 

(n=40 for all analyses) and for consistency given several variables do not meet the 

conditions for use of Pearson correlation.   

Each ward-characteristic is being considered individually at this stage (to inform a later 

univariate and multivariable regression analysis), so we do not adjust the p-values for 

multiple significance testing. 

2.3.2.1. Lone parents, population density, English proficiency 

and population aged under 5 years 

There is no evidence for a correlation between either the proportion of families with a lone 

parent or the population density and the uptake of MMR1 by ward (Spearman's rho = -0.178, 

p>0.25 and Spearman’s rho = -0.077, p>0.6 respectively). 

The proportion of people with English as their main language has a weak positive correlation 

with MMR1 uptake (Spearman’s rho = 0.244, p>0.1).  However three wards (circled in Figure 

2-6) are outliers – these all have below average use of English as main language and below 

average MMR1 uptake; removing these data-points from the analysis removes the weak 

correlation (Spearman’s rho = -0.033, p>0.9, n=37). 

The proportion of the population aged under 5 has a weak negative correlation with the 

uptake of MMR1 (Spearman’s rho = -0.319, p=0.045). 
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Figure 2-6  MMR1 uptake vs single-variable ward-characteristics 

a] Lone parents  b] Population density 

  

c] English as main language d] Under 5 profile 

  

(points considered as outliers circled to avoid ambiguity) 

 

2.3.2.2. Ward-characteristics with compositional data  

2.3.2.2.1. Age of parent 

The data on the age of the FRP is compositional data with three categories: age 24 years 

and under, age 25-34 years, age 35 years and over.  We perform a compositional data 

dimension reduction, obtaining two principal components.  A principal component weighting 

plot is shown in Figure 2-7a; the first principal component can be interpreted as 

(approximately) higher values for wards with higher proportions of people in the youngest 

age-group (24 and under) and lower values for wards with higher proportions of people in 
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Figure 2-7  Principal components of compositional data ward-characteristics 

a] Age of parent b] Highest qualification: 1st and 3rd  c] Highest qualification: 2nd and 3rd  

   
d] Working status e] Family size f] Ethnicity 
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Figure 2-8  MMR1 uptake vs selected principal components of compositional data ward-characteristics 

a] Age of parent 1st (AGE1) b] Highest qualification 2nd (QUAL2) c] Working status 1st (WORK1) 

   
d] Family size 1st (SIZE1) e] Ethnicity 1st (ETHN1) f] Ethnicity 2nd (ETHN2) 
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the oldest age-group (35 and older).  It is appropriate to consider a 1 dimensional solution as 

the Variance Accounted For (VAF) for the first principal component (AGE1) is 89.2%.  There 

is no correlation observed between this component (AGE1) and MMR1 uptake (Spearman’s 

rho = -0.042, p>0.75). 

2.3.2.2.1. Educational achievement: highest qualification 

The data on the highest qualification achieved is compositional data with six categories: no 

qualifications, level 1 qualification, level 2 qualification, level 3 qualification, level 4 (or 

above) qualification, other qualifications including apprenticeship.  The qualification levels 

are typified by the following examples: degree (level 4+), 2 or more A levels (level 3), 5 or 

more GCSE at grade A*-C (level 2), 1 or more GCSE (level 1).  Five principal components 

are obtained from the compositional principal component analysis.  Examination of the scree 

plot and VAF values indicates that a 3 dimensional solution is appropriate, which has a total 

VAF 95.7% (with individual components’ VAF at 63.0%, 19.6%, 13.2%).  The first three 

principal components are shown in Figure 2-7b&c.  An approximate interpretation of these 

three components is: 

QUAL1:  higher values = wards with higher proportions of level 4+ qualifications; 

lower values = wards with higher proportions of those with no qualifications 

QUAL2:  higher values = wards with higher proportions of “other” qualifications; 

lower values = wards with higher proportions of people with either no qualifications 

or level 4+ qualifications 

QUAL3: higher values = wards with higher proportions of those with qualifications at levels 

1, 2 or3; 

lower values = wards with higher proportions of “other” qualifications. 

QUAL2 has the strongest evidence of these components for a linear relationship with MMR1 

uptake (Figure 2-8b), but this is a weak positive correlation (Spearman’s rho = 0.255, p>0.1).  

The other components have no evidence of a correlation with MMR1 uptake (absolute 

values of Spearman’s rho <0.2 with p>0.3). 

2.3.2.2.2. Working status 

The data on working status is compositional data with four categories: employee, 

self-employed, other economic activity, no economic activity. (Splitting the employee 
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category into full-time and part-time was considered, but did not substantially affect the 

following analysis, so in the interests of parsimony the single “employee” variable is 

retained).  The compositional principal component analysis yields three principal 

components, and the scree plot indicates that the 2-dimensional solution is appropriate (VAF 

= 94.0%).  From Figure 2-7d we obtain a clear interpretation of the principal components: 

WORK1:  higher values = wards with higher proportions of “other” economic activity;  

lower values = wards with higher proportions of the self-employed 

WORK2: higher values = wards with higher proportions of employees;         

  lower values = wards with higher proportions of the economically inactive 

There is no evidence that either component has a linear relationship with MMR1 uptake 

(absolute values of Spearman’s rho <0.2 with p>0.4) 

2.3.2.2.3. Family size 

The family size data is compositional data with four categories: no dependent children in 

family, one dependent child in family, two dependent children in family, three or more 

dependent children in family.  The compositional principal component analysis yields three 

components, and the scree plot confirms that the 2-dimensional solution is appropriate 

(VAF= 90.2%).  Interpretation of the components (Figure 2-7e) is less clear-cut than for most 

of the ward-characteristics: 

SIZE1:  higher values = wards with higher proportions of families without dependent 

children;  

 lower values = primarily higher proportions of families with 3+ dependent children 

SIZE2:  higher values = primarily wards with higher proportions of families with 3+ 

dependent children;  

lower values = primarily wards with higher proportions of families with 1 dependent 

child 

The first component (SIZE1) has a weak correlation with MMR1 uptake (Spearman’s rho = 

0.328 with p= 0.039), but there is no evidence the second component (SIZE2) has a linear 

relationship with MMR1 uptake (absolute value of Spearman’s rho <0.2 with p>0.4). 
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2.3.2.2.4. Ethnicity 

Ethnicity data is compositional data with 4 categories: White, Asian (includes British Asian), 

Black (includes British Black), Other/Mixed.  Three principal components are obtained from 

the compositional principal analysis and the scree plot indicates that a 2-dimensional 

solution is appropriate (VAF = 92.4%).  Using weighting plot (Figure 2-7f) an approximate 

interpretation of the retained principal components is:  

ETHN1:  higher values = wards with higher proportions of black residents;  

   lower values = wards with higher proportions of non-black residents 

ETHN2:  higher values = primarily wards with higher proportions of white residents;    

lower values = primarily wards with higher proportions of Asian residents 

There is evidence that both components (Figure 2-8e&f) have a weak correlation with MMR1 

uptake (ETHN1 Spearman’s rho = -0.337 with p=0.033, ETHN2 Spearman’s rho = 0.280 with 

p>0.05)  

2.3.2.3. Deprivation 

For both the IMD and the domains of deprivation, a higher score represents a higher degree 

of deprivation.  The IMD is moderately correlated with MMR1 uptake (Spearman’s rho 

= -0.416 with p=0.008). 

There is evidence that four of the six non-income-related domains of deprivation have weak 

negative correlations with MMR1 uptake (Figure 2-9) Employment and Environment 

(Spearman’s rho = -0.326 with p=0.40), Health (Spearman’s rho = -0.322 with p=0.042), 

Crime (Spearman’s rho = -0.244 with p>0.1). 
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Figure 2-9  MMR1 uptake vs Selected measures of deprivation 

a] IMD  

 

 

b] Employment domain c] Environment domain 

  

d] Health domain e] Crime domain 

  
† ordinal data 
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2.3.2.3.1. Dimension reduction including income deprivation 

Income deprivation shows a weak negative correlation with MMR1 uptake (Spearman’s rho 

= -0.250 with p>0.1). The initial CATPCA analysis specifies a full solution, with 7-dimensions 

(corresponding to the seven domains included), and its scree plot indicates that no more 

than 3-dimensions are appropriate. With the total VAF for a 2-dimensional CATPCA at 

95.7%, a 3-dimensional CATPCA is rejected.   

The component loadings and object scores for the 2-dimensional CATPCA are given in 

Figure 2-10, where it can be seen that the deprivation domains of income, employment, 

education, health and crime are treated similarly and contribute primarily to the first principal 

component (DEPRincm1), with the second principal component (DEPRincm2) is associated 

with housing and environment deprivation. 

Figure 2-10  CATPCA for deprivation domains incl. income deprivation 

a] 2-dimensional CATPCA component loadings 

 

b] MMR1 uptake vs first principal 

component (DEPRincm1) 

c] MMR1 uptake vs second principal 

component (DEPRincm2) 
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2.3.2.3.2. Deprivation reduction including IDACI 

There is no evidence for a correlation between IDACI and MMR1 uptake (Spearman’s rho = 

-0.199 with p>0.2). The initial CATPCA analysis specifies a full solution, with 7-dimensions 

(corresponding to the seven domains included), and its scree plot indicates that no more 

than 3-dimensions are appropriate. With the total VAF for a 2-dimensional CATPCA at 

94.7% a 3-dimensional CATPCA is rejected.   

The component loadings and object scores for the 2-dimensional CATPCA are given in 

Figure 2-11. A similar pattern is obtained to that observed for the 2-dimensional principal 

components including income deprivation: income, employment, education, health and crime 

are treated similarly and contribute primarily to the first principal component (DEPRidac1), 

with the second principal component (DEPRidac2) is associated with housing and 

environment deprivation. 
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Figure 2-11  CATPCA for deprivation domains incl. IDACI 

a] 2-dimensional CATPCA component loadings 

 

b] MMR1 uptake vs first principal 

component (DEPRidac1) 

c] MMR1 uptake vs second principal 

component (DEPRidac2) 

  
 

 

2.3.2.3.3. Summary of supplementary analysis of deprivation 

The objective of the supplementary analysis was to identify alternative univariate measures 

of deprivation for comparison with the IMD, which might be a more appropriate measure for 

the region and the subject of routine childhood immunisations.   

The two sets of seven domains of deprivation both optimally reduce to a 2 dimensional 

solution under a CATPCA.  Hence, for a univariate measure, we consider a weighted 

combination of these principal components.  The weighting coefficients are optimised for 

best fit with MMR1 uptake, and the resulting measures weight the income-related and 

employment domains less heavily than the IMD and place more weight behind the crime and 

environment domains (Table 2-2).  
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Table 2-2  Comparison of domain contribution to deprivation measures derived 
from the 2-dimensional CATPCA solution 

% Income IDACI Empl’t Educ’n Health Crime Hous’g Envir’t 

IMD 22.5 - 22.5 13.5 13.5 9.3 9.3 9.3 

Income 14.8 - 15.1 14.1 15.8 17.5 8.2 21.2 

IDACI  - 13.9 15.2 13.9 15.7 17.4 7.6 21.0 
 

 

We also consider univariate measures derived from the 1-dimensional CATPCA solutions 

and compare them with the 2-dimensional solution and the standard IMD (Table 2-3). 

Table 2-3  Measures of deprivation 

  Correlation with MMR1 uptake 

Variable VAF Spearman’s rho p-value  

IMD n/a -0.416 0.008  

Using income deprivation     

1-dimension CATPCA 78.1% -0.256 0.110  

2-dimension CATPCA 95.7%    

first component 74.6% -0.263 0.101  

second component 21.1% -0.193 0.234  

weighted combination n/a -0.421 0.007  

     

Using IDACI     

1-dimension CATPCA 77.1% -0.260 0.105  

2-dimension CATPCA 94.7%    

first component 73.7% -0.256 0.110  

second component 21.0% -0.171 0.291  

weighted combination n/a -0.416 0.008  
 

 

The 1-dimensional CATPCA solutions are rejected as accounting for insufficient variance 

within the dataset of deprivation domains.  The weighted combinations of the principal 

components offer similar levels of correlation with MMR1 uptake as the IMD measure, so 

offer little advantage as an alternative univariate measure of deprivation. Hence IMD is the 

preferred measure of deprivation used in the regression analysis. 
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2.3.3. Regression 

We summarise the variables resulting from the exploratory analysis to determine which are 

appropriate for consideration in the stepwise regression (Table 2-4).  Following the 

dimension reduction, the 10 ward-characteristics considered are represented by 15 

variables.   

Table 2-4  Summary of ward-characteristic variables 

  Correlation with MMR1 uptake 

Ward-characteristic Variable Spearman’s rho p-value  

Lone parent LONE  -0.178   0.272  

Population density DENS  -0.077   0.636  

English proficiency ENGL  0.244 †  0.129  

Under 5 population PSCH  -0.319 †  0.045  

Age of parent AGE1  -0.042   0.799  

Educational Achievement QUAL1  0.035   0.830  

Educational Achievement QUAL2  0.255 †  0.112  

Educational Achievement QUAL3  0.162   0.318  

Working Status WORK1  -0.133   0.412  

Working Status WORK2  -0.031   0.851  

Family Size SIZE1  0.328 †  0.039  

Family Size SIZE2  -0.133   0.415  

Ethnicity ETHN1  -0.337 †  0.033  

Ethnicity ETHN2  0.280 †  0.080  

Deprivation IMD  -0.416 ‡  0.008  

 

Categorisation of correlation strength (as defined in Evans [205] ) † weak   ‡ moderate 

 

Seven of the identified variables have a monotonic correlation with MMR1 uptake 

categorised as weak or moderate; deprivation, ethnicity, family size and preschool 

population have the strongest correlation.  Examination of the scatterplots for all these 

variables reveals no obvious non-monotonic relationships with MMR1 uptake. 

From a univariate GLM analysis for MMR1 uptake (using a “logit” link function), MMR1 

uptake is significantly associated with Ethnicity (first principal component), Family Size (first 

principal component) and families with a Lone Parent (Table 2-5).  Examining the 

interpretations of the principal components for the associated variables reveals MMR1 
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uptake is positively associated with high proportions of non-Black residents and families with 

no dependent children; and negatively associated with high proportions of Black residents, 

families with 3+ dependent children and families with lone parents. 

Table 2-5  Univariate analysis 

Ward-characteristic Variable beta p-value  

Lone parent LONE -0.022 0.043 * 

Population density DENS -0.007 0.195  

English proficiency ENGL 0.022 0.252  

Under 5 population PSCH -0.079 0.121  

Age of parent AGE1 -0.256 0.093  

Educational Achievement QUAL1 0.209 0.194  

Educational Achievement QUAL2 0.559 0.208  

Educational Achievement QUAL3 0.192 0.396  

Working Status WORK1 -0.165 0.338  

Working Status WORK2 0.157 0.794  

Family Size SIZE1 0.505 0.043 * 

Family Size SIZE2 -0.338 0.564  

Ethnicity ETHN1 -0.312 0.036 * 

Ethnicity ETHN2 0.259 0.194  

Deprivation IMD -0.012 0.089  
 

 

A stepwise procedure is used to develop a parsimonious multivariable model (0.05 entry 

criterion, 0.10 exit criterion).  Only main effects are included in the model. 

The resultant model contains two independent variable::  

                   

  (                            ) (                              )⁄         

where 

      is the first principal component of ethnicity (from §2.3.2.2.4) 

      is the second principal component of highest qualification (from §2.3.2.2.1) 
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Table 2-6  Model parameters 

Logistic model 

Parameter B Lower CI Upper CI  Wald     sig 

Intercept 2.599 2.410 2.788 725.117 0.000 

ETHN1 -0.409 -0.714 -0.105 6.929 0.008 

QUAL2 0.954 0.037 1.871 4.163 0.041 

 

Principal component variables 

ETHN1 Loading  QUAL2 Loading  

White -0.383  None -0.555  

Asian -0.052  Level 1 0.159  

Black 0.832  Level 2 0.174  

Other -0.397  Level 3 0.077  

   Level 4+ -0.484  

   Other 0.629  
 

 

Hence this model indicates negative associations between MMR1 uptake in a ward and the 

proportion of the resident population with black ethnicity, and with the proportion of adults (in 

families with dependent children) who have no qualifications or qualifications at level 4 and 

above. 

Given deprivation is not present in the final model, having noted it is represented by the 

variable with the strongest monotonic correlation with MMR1 uptake, we check the 

robustness of its exclusion, by substituting the alternative univariate measures of deprivation 

derived above (§2.3.2.3.3) for IMD and repeating the stepwise model construction; the same 

final model is obtained.   

Model diagnostics are satisfactory.  Specifically the Cook’s distance values indicate that no 

points exert unacceptable influence on the model parameters (D<1 for all points), 

additionally the only point with D>0.1 is associated with the third most populous ward which 

is therefore one of the least likely to be affected by uncertainties due to “small numbers” 

effects.  

The goodness-of-fit for the model is satisfactory (Hosmer and Lemeshow test: Chi-squared 

value = 8.937, 8 d.f., p = 0.348).  There is a moderate correlation between the predicted 

mean value from the regression model and the observed values of MMR1 uptake 

(Spearman rho = 0.572, p=0.000) with an R2 value of 0.365. 
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Figure 2-12  Observed values of MMR1 vs predicted values from the model 
(mean and 95% CI) 

 

 

Comparison of the modelled values for MMR1 uptake with the values from CHIS ordered by 

CHIS value (Figure 2-12) reveals that high observed values are underestimated, low 

observed values are overestimated.  A trend in errors suggests model assumptions may not 

be sufficiently valid (e.g. logistic regression’s assumption that log odds are linearly related to 

the independent variables).   It could also be indicative of how the non-measured variables 

act, i.e. amplifying the deviation from the global mean. 

2.4. Discussion 

We have not seen ward-level data used previously to investigate the relationships between 

demographic factors and MMR1 uptake in the UK – although a few studies have used 

ecological data from NHS primary care administrative units (GP practices [98], the 

forerunners of PCTs [69] and the precursors of SHA [70] ).  Additionally several of the 

demographic variables are categorical, and we made no a priori assumptions as to which 

category (or categories) of the candidate ward-characteristics should be included in binary 

measurements; we have not seen this approach in previous studies. 

The analysis of MMR1 uptake at ward levels reveals, and quantifies, significantly non 

homogenous distribution across the PCT.  In the example of Great Yarmouth and Waveney, 

14 of the 40 wards meet the WHO district vaccination target for control of measles (95% 
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[33], set in line with critical vaccination threshold estimates), although the PCT-level uptake 

(92.7%) is below the WHO target, and 16 of the 40 wards are below the PCT’s uptake level.  

It is also noted that the variation between wards in MMR1 uptake is greater than that 

observed at higher levels within the NHS geography hierarchy.  Without further data from 

more PCTs, we do not know if this is unique to the specific branch of the hierarchical tree 

analysed or evidence of more general pattern.    

The observation of spatial heterogeneity in vaccine uptake offers evidence of the presence 

of spatial pockets of under-vaccination within which outbreaks could occur within an 

otherwise well-protected population.  Such circumstances indicate that public health officials 

in PCTs meeting WHO MMR1 uptake guidelines might not be able to afford complacency in 

terms of outbreak preparedness and that locally-acting interventions to address uptake 

shortfalls on small spatial scales should be considered to create a more robust protection.    

The statistical model identifies ethnicity and educational achievement as characteristics of 

the ward population significantly associated with levels of MMR1 uptake, within a 

multivariable analysis.  The educational association is not monotonic; with lower uptake for 

wards with a higher combined proportion of residents at the extremes of educational 

achievement.  The presence of ethnicity as a significant factor is consistent with previous 

studies [61, 70, 99] (although the details of the association are difficult to compare across 

different categorisations employed).  In addition to ethnicity, wards containing higher 

proportions of families with lone parents and families with 3+ dependent children are 

associated with lower MMR1 uptake when characteristics are considered in isolation.   

Conversely, we found no significant relationship between MMR1 uptake and parental age, in 

turn suggesting personal memory of the onset of the MMR-autism scare is not a key factor in 

lower uptake (and mindful that the majority babies in the UK are being born to mothers aged 

over 30 [213], i.e. those who were reaching child-bearing age at the time of the MMR autism 

scare).  

The CATPCA technique has enabled the identification of an association with education 

which is not based on the inherent categorical order – in contrast to the definitions used in 

previous studies [19, 69, 70, 89, 93, 98].  The statistical model retains an education variable 

representing the combined extremes (no qualifications and university-level qualifications), in 

preference to one contrasting the extremes.  However whilst other studies provide evidence 

to inform hypotheses for a relationship between low MMR1 uptake with each educational 

extreme, they propose differing mechanics behind such associations.  Two UK ecological 

data studies [69, 70] included cross-sectional data for periods either side of the peak of the 

MMR-autism controversy publicity.  Although using different binary measurements of 
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education, both concluded that areas with better-educated populations were more affected 

by the scare, with greater reductions in vaccination uptake. Conversely a (causal) 

relationship between poor education and poor health outcomes / health behaviour is noted in 

health economics literature [214], and a pan-European meta-analysis of MMR1 [215] found 

lower education to be a significant factor in lower uptake.  Neither set of literature offers a 

single mechanism as to why the combination, specifically, of the educational extremes is 

found here to be the key measurement.  We hypothesise that there may be a locally acting 

dynamic in which an interaction between members of these two groupings drives the lowest 

levels of MMR1 uptake. 

Qualitative studies have called attention to the need for accessible information on the 

risks/benefits of vaccination [84].  The nature of the educational achievement variable 

emphasises that careful consideration be given to the presentation of intervention content to 

parents, since the assumed prior knowledge, the style of language and the type of evidence 

(e.g. narrative or statistical) that is appropriate (and is felt appropriate by the message 

recipient) may not be the same for those at either end of the educational achievement 

spectrum.  Hence multiple communication materials may be necessary to mirror the abilities 

and expectations of the very differently-educated constituent groups.   

The demographic factors associated with MMR1 uptake (education, ethnicity, family 

composition) are subject to underlying population trends (e.g. the proportion of graduates in 

the UK population has doubled in the last 20 years [216] ), if such trends act to increase the 

proportion of the population with the lower-uptake characteristics, we would expect the 

population immunity to be adversely-affected (amplified by the non-linear relationship 

between herd immunity and vaccine coverage [34] ).  

The health protection discourse [217], supported by qualitative studies (e.g. [21] ), 

recognises that the non-presentation of children for timely vaccination may be due to a 

parent’s disinclination to attend and/or an inability to attend.  We hypothesise association of 

lower MMR1 uptake and the family composition demographics (lone parenting and 3+ 

children – which have also found to be factors associated with sub optimal participation in 

the UK routine baby vaccination programme [104] and for MMR1 uptake across Europe 

[215] ) may, at least in part, relate to these parents finding vaccination appointments less 

accessible due to family logistics.  

A strength of this analysis is the use of a single source (Census 2011) for the majority of the 

ward-characteristics data and the Census’s near contemporaneity with the fieldwork for the 

other data sources (CHIS 2011-12 and IOD 2015) together with the exact coterminous 

nature of the geographic units used in all these sources.  This removes uncertainties that 
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might otherwise be introduced into the analysis from disjointed temporal and spatial 

definitions for the range of variables considered or due to differing methodologies of different 

studies.  This study also borrows the strengths of the Census data collection process, 

notably it uses population data, reducing sampling error.   Sourcing MMR1 uptake data from 

the CHIS is in contrast to the parental recall method used by many studies examining uptake 

factors [19, 86, 104] as the primary or sole source of the child’s vaccination status.  Whilst 

there is evidence which demonstrates the accuracy of such data is acceptable [218], the 

CHIS system is the data origin for the accepted surveillance data on vaccine cover [10] and 

is not subject to recall bias.  As a ward-level analysis, this study is inherently subject to 

ecological bias, however we would expect to be less susceptible to this bias than the 

previously published ecological studies which have larger populations units [69, 70].   

The explanatory power of the model is necessarily limited by the variables considered and 

several candidate factors were not included due to lack of suitable data at the required level 

of spatial granularity.  Data on GP access and appointment factors were not included.  

However QOF data was uninformative, and in a previous study of uptake by GP practice [98]  

no identifiable practice characteristics were significantly associated with MMR variation.  

These observations offer some evidence that the lack of (non-proxy) health service provision 

data is not a damaging omission from this analysis.  None of the “parent-community 

interaction” category factors (significant in many studies [21, 80, 82, 83, 89, 91, 92, 94, 100, 

101] ) had suitable quantitative measures. Also, although deprivation variables were 

included, we note that for some domains (e.g. income) a lower score indicates a relative lack 

of deprivation [219] but gives little or no information on the presence of affluence.  Future 

work could address the exclusion of these factors via data collection, however it is noted that 

incorporating further data sources will weaken the cohesiveness of the current datasets and 

may introduce sampling errors (depending on the data collection methodology).   

Disclosure measures [179] may affect small cell number data from the census, so to 

minimise exposure to these potential effects, this analysis only uses data from census tables 

which have been published at ward level, and categories have been additionally collapsed to 

avoid low cell values (0, 1 or 2) where possible.  Furthermore, Cook distance analysis of the 

model fitting shows that no single ward is unduly influential, and the most influential ward is 

relatively populous.  However, in the case of ethnicity, collapsing from 19 census categories 

[185] to 4 broad categories may have blunted the ability of the study to capture more 

nuanced relationships, by hiding effects specific to narrowly-defined ethnic groups (e.g. 

travellers who form <0.1% of the PCT population [190] ).   
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The generalizability of the study results is compromised by the single PCT region included; 

this could be addressed by extending the analysis to other geographical areas.  This was the 

initial intention of the present study (with ward-level data sought from 32 other PCTs) but 

logistical and ethical approval procedural difficulties thwarted this intention, and would need 

to be overcome in order to produce a more generalizable set of results. 

The majority of variation in MMR1 uptake at the ward-level of spatial granularity is not 

explained by the statistical model.  It is possible that there are processes acting on the 

MMR1 vaccination process, acting at a local level, whose explanatory power cannot be 

accessed by the statistical model in its current form. This hypothesis is consistent with the 

factors previously identified (Chapter 1) as “parent and community interaction” (which could 

not be included in this model) and further supported as a potentially fruitful area for 

investigation when viewed in conjunction with the relative variation in MMR1 uptake at the 

different levels of spatial granularity.  Furthermore, a global systematic review of 

multivariable quantitative child vaccination hesitancy studies [220] concluded that 

‘Determinants of vaccine hesitancy are complex and context-specific - varying across time, 

place and vaccine’ (abstract, Larson et al [220] ).  Mindful that the concept of “vaccine 

hesitancy” is not fully interchangeable with vaccine non uptake (e.g. a vaccine-hesitant 

parent may be concerned about a specific vaccine yet still present their child for this 

vaccination), this indicates that spatial and temporal differences observed between the 

results of this study and the previous literature are not wholly unexpected and a 

consideration of locally-acting dynamic processes may offer more insight. 
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3. Initial Modelling  

3.1. Motivation 

Statistical analysis of ward-level data (Chapter 2) revealed geographically small scale 

variation in uptake of routine MMR 1 vaccination, and that demographic factors could only 

partially explain the observations and we proposed that locally acting dynamics may provide 

further explanation.  In this thesis we hypothesise that that information shared between 

parents plays an important part in actively deciding whether or not to seek vaccination for 

their child, and may contribute to this small scale variation.  A child’s vaccination status is the 

result of a causal chain, so any non-random spatial clustering will depend firstly on the 

pattern of vaccination opinion in parents and then the conversion of intent to vaccination.  In 

this chapter we consider the first of these stages, so we develop a mathematical model of 

information-sharing between individuals and the resultant pattern of opinions.  The model is 

framed in the context of parents making a decision on whether to present their child for a 

specific vaccination in accordance with the routine recommendations (MMR1 in the UK 

schedule of vaccinations).   

First we note that, although measles is endemic in the UK, recent national incidence per 

annum (6-31 cases per million UK population in 2010-14 [221-224] ) implies that the majority 

of parents are making this decision outside of outbreak conditions.  Reports of adverse 

reactions to MMR are of the same order of magnitude or lower (Chapter 1).   Hence in our 

modelling we assume the evidence available to parents on the disease-risk to their child is 

not local incidence (of infection or adverse reactions, as used in several vaccination-

information models [143, 146, 147, 149, 162-165, 225, 226])  but more general information 

(indirect reports, statistics and opinion).  Hence we do not consider a coupled concurrent 

decision-incidence model (for incidence of infection nor adverse vaccine reactions).   Our 

over-arching hypothesis proposes that information shared across social networks plays an 

important role in routine childhood vaccination decisions, so within our modelling we 

consider a mathematical representation of these connections.         

Previously published models [166-170] potentially relevant to this scenario and its proposed 

treatment were identified in Chapter 1. These have demonstrated either increased outbreak 

probability [168-170] or increased outbreak size (at intermediate relative vaccination costs  

[166]  or subject to initial vaccination levels [167])  when individuals place greater emphasis 

on their neighbours within their decision process.  These results are attributed to the 

presence of clusters of unvaccinated individuals, which have been generated by the decision 



78 
 

process, either measured explicitly [166, 169, 170] or inferred Eames [168]   (although 

cluster prevalence may be masked by the non-linear infection-transmission process and 

transmission-network characteristics  [116] ). 

However, both the distribution and the proportion of unvaccinated individuals affect potential 

for outbreaks.  Some of these models [168-170] artificially hold the vaccine-supporters’ 

proportion constant during the decision process, whereas those where is it unconstrained   

[166, 167] show the decision-process increases in vaccination cover (with intermediate 

relative vaccination costs and baseline majority support for vaccination).   Hence, it is 

unclear if the reported local clustering effects are artefacts associated with the mechanics of 

the constraint on global vaccination support.   Furthermore the unconstrained models may 

contain an artefact in their use of steady state vaccine levels (determined after repeated 

“decisions” [166, 167] ).  Some game theory vaccination models are known to reach 

equilibrium after order 102 cycles [164, 165] ; whilst plausible for passively-observable health 

behaviours (e.g. obesity, smoking) this interrogation of neighbours is less appropriate for the 

active enquires needed to ascertain their vaccination opinion or status.    Additionally, given 

the paucity of quantitative data on the characteristics of the network defined by those from 

whom parents seek advice to inform their vaccination-opinion (explored in more detail in 

(Chapter 4), it is concerning to note that all these models have each explored a narrow 

subset of potential network-structures (either in terms of structure-type or the average 

number of neighbours for each vertex) and, similarly a limited selection of the decision 

representations available in the literature.   

Hence, we develop a mathematical model to simulate the formation of parents’ vaccination-

opinion via an active process influenced by the opinions of their social contacts (with whom 

they discuss this subject), and use it to directly examine this process’s ability to affect the 

both numbers and distribution of vaccine-rejecters in a cohort of parents considering routine 

childhood vaccination.  Furthermore, given the limited knowledge on the networks over 

which parents seek advice to inform their vaccine-decisions, we explore if different outcomes 

are obtained according to the assumptions made about network type, mean number of 

contacts and the algorithmic representation used to model the decision-process. 
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3.2. Methods 

3.2.1. Building the mathematical model 

The model builds on the methods employed by Salathé & Bonhoeffer [170] and Eames 

[168].  There are three sequential stages in the model: (i) network-building, (ii) allocating 

initial opinions and (iii) decision-making, (schematic Figure 3-1).  The variables of interest – 

vaccine-supporters proportion and clustering of like-minded individuals – are measured 

before and after the decision-making stage. 

Figure 3-1  Model stages for one simulation within a specified scenario 

Stage 1: Network-building 

 𝑁 vertices 

 Specified mean vertex degree, m 

hence total edges = 𝑁𝑚/2 

 Build network with algorithm determined by specified network-type: 

random, small-world or scale-free† 

 

Stage 2: Allocating initial opinions 

 Specified initial proportion of vaccine-supporters, proportion p of total 

𝑝𝑁 vertices = “support” (randomly selected) 

(1-𝑝)𝑁 vertices = “reject” (randomly selected)  

 

Stage 3: Decision-making 

 Select vertex (randomly) 

 Apply specified ‘decision’ algorithm 

to selected vertex:  

see functions in Table 3-1 

Selecting vertices without replacement, 

repeat 𝑁 times,  

(i.e. until all 𝑁 vertices have made 1 

decision each) 

 

† pseudocode for algorithm application in Prettejohn et al [227]   

Stage 1: Network-building 

We build a network with 𝑁 vertices to represent N individuals within an information-sharing 

contact network.  We have used 𝑁 =4000, which corresponds to the annual vaccination 

 

 



80 
 

cohort for a typical Primary Care Trust.  Each individual has a state variable representing 

their current binary opinion regarding vaccination (supporting or rejecting).   

Three types of networks, each with different structural characteristics, are constructed using 

the following algorithms:   

 random networks with approximately Poisson distribution of vertex degree (Erdős-

Rényi  [228]),  

 small-world networks (Watts-Strogatz [229], using a rewiring probability of 0.02) 

 scale-free networks (Barabási-Albert [230]).   

In each case, the network is constructed to have a specified mean vertex degree (MVD) - 

the average number of contacts for an individual.  The USA General Social Survey has 

collected data on the number of contacts with whom “important matters” are discussed [231, 

242] reporting means of 3 and 2 respectively.  To explore model sensitivity to MVD, we have 

chosen a range that includes a theoretical value used in other relevant models (ten [168-

170] ) and, motivated by the General Social Survey results, is skewed to lower values.  We 

consider 15 network-structures (defined by the combination of a network-build algorithm with 

a specified MVD): 

 random network with MVD values 4, 6, 8, 10 and 12 

 small-world network with MVD values 4, 6, 8, 10 and 12 

 scale-free network with MVD values 4, 6, 8, 10 and 12 

The Watts-Strogatz algorithm [229] specifies MVD>𝑙𝑛 (𝑁), and 𝑙𝑛 (4000)≈8.29.  This is 

specified to generate a single-component network, but as connectivity uncertainty is a 

weakness of network data collection by sampling [232] (the only feasible option for networks 

like our parental cohort), we do not know if this is an appropriate property for the model.  

Therefore, we have relaxed the MVD>𝑙𝑛 (𝑁) constraint, and (for small-world networks with 

MVD≤8) checked results with those obtained if consideration is restricted to single-

component networks (negligible differences found in the average results).  We have also 

checked all scenarios using 𝑁 =400 (𝑙𝑛 (400)≈5.99), and all results were found to be robust 

to this change in population (see Appendix). 

Step 2: Allocating initial opinions 

Initial vaccination-opinion-states are allocated randomly to each vertex, but constrained to 

give desired proportion of vaccine-supporters across the whole network (set at 90%, same 

order as recent England MMR-uptake average [42] ).  Opinion-clustering is measured using 

an intra-dyad agreement (IDA) value, i.e. the proportion of edges in the network that are 
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between vertices with concordant opinion-states.  In a population with proportion 𝑝 of 

individuals supporting vaccination, without opinion clustering, we expect to observe an 

intra-dyad agreement value of 𝑝2+ (1- 𝑝)2.  Populations with opinion-clustering have a higher 

value for intra-dyad agreement. 

Stage 3: Decision-making 

All individuals make a ‘decision’, whether to maintain or change their initial opinion, using 

information obtained from their network contacts.  All individuals reach their final opinion via 

one modelled ‘decision’.  We mimic the process of a cohort of parents reaching final 

vaccination-intent for their child (assumed to be finalised  -  using the latest available 

information - when each child reaches, in turn, the age when vaccination is due) by 

performing these ‘decisions’ sequentially across the cohort, and the sequence order is 

determined by random selection of individuals without replacement.  We summarise the 

information received from the individual’s contacts by one of two values: the count 𝑐 of their 

contacts whose current opinion is opposite to the individual’s own, or the proportion 𝑓 of the 

individual’s contacts formed by these opposing-thinkers.  These two measures correspond to 

two types of complex contagion described by Centola & Macy [119]: count is appropriate for 

uncontested complex contagion and proportion for contested contagion, In all cases we 

assume that there is a positive association between the quantity of opposing information at 

the likelihood that the individual will change their opinion.  The ‘decision’ is modelled using a 

representative algorithm, which applies a simple function to one of these values to determine 

if the selected individual changes their opinion-status.  We consider four decision algorithms 

(Table 3-1):   

 ‘majority rule’ 

 ‘threshold ‘ (Campbell & Salathé [169]  use a threshold formulation, but acting on a 

different measure) 

 ‘fraction’ (the algorithm used in Salathé & Bonhoeffer [170] and Eames [168]. 

 ‘count’ (a similar function has been used in infectious disease transmission models in 

discrete time  [233] ) 
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Table 3-1 Decision algorithm formulations 

p(change) is the probability that the canvassing individual changes their opinion 

𝑓    ‘opposing fraction’ (contacts with opposite opinion, as proportion of all contacts) 

𝑐    ‘opposing count’ (number of contacts with opposite opinion) 

 

Algorithm p(change)  

‘majority rule’ {
  𝑓 𝑓     
  𝑓 𝑓     

 

A deterministic decision.  

The canvasser changes opinion if and only if the 

strict majority of their contacts hold an opposing 

opinion.   

‘threshold' {
  𝑓 𝑐   
  𝑓 𝑐   

 

A deterministic decision, with parameter     .  

The canvasser changes opinion if and only if at least 

a threshold number of their contacts hold an 

opposing opinion.  We set     † 

‘fraction’ 𝑓 

This is a stochastic decision.  

The probability of opinion-changing is proportional to 

the ‘opposing fraction’ value.  

‘count’        

This is a stochastic decision, with parameter β.  

The probability of opinion-changing approximately 

proportional to the ‘opposing count’ when  𝑐 is 

small. We set        ‡ 
 

† sensitivity explored for    [   ]  

‡  sensitivity explored for   [          ]  

 

For the two formulations with a parameter, threshold (α) and count (β), sensitivity to 

parameter-value was explored (see Appendix). Results for ‘count’ were found to be 

qualitatively robust for β ≥ 0.025; for ‘threshold’ the ratio between the network MVD and 2α 

was found to be of interest (§3.3).  

Numbers of simulations 

We explore the effect of each of the four decision-algorithms being applied on each of the 15 

network-structures; so there are 60 scenarios.  For each scenario, 100 networks are built, 

and on each of these networks 100 simulations of the decision-making process are run.  

Hence 10,000 simulations are run for each of 60 scenarios.    
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For each simulation we compare the final value of intra-dyad agreement (the clustering 

measure) to the expected value in a randomly-mixed population.  The expected value is 

calculated for both the initial vaccine-support proportion and for the vaccine-support 

proportion observed in the network after decision-making. 

3.2.2. Applying the decision algorithms in a randomly-mixed 

population without underlying contact network structure 

We calculate the expected outcome of each decision-making algorithm applied to an 

individual in a randomly-mixed population in the absence of an underlying network structure.   

As with the mathematical model, we assume initial opinion-states are determined by 

independent identical Bernoulli trials, with a 0.9 probability of “vaccine-support”.  To provide 

the ‘opposing fraction’ and ‘opposing count’ values for use in the algorithm, a specified 

number, 𝑘, of individuals (acting as ‘contacts’) are drawn at random from the population; 

hence the number of supporters ‘contacted’ is binomially distributed ~ B (𝑘, 0.9) using same 

90% vaccine-support initialisation as the mathematical model. 

For each decision-making algorithm and specified value of k, we calculate the probability 

that the opinion state will change, for both possible initial states (“support” and “reject”). 

These two values are then aggregated, weighted by the probability that a randomly selected 

individual is initially a supporter or rejecter, to produce an expected change in supporter 

numbers in the population as a result of this ‘decision’ by a single randomly-selected 

population member. We also calculated the resulting change in the number of the canvassed 

set of individuals who have the same opinion as the deciding-individual (not an IDA as there 

are no dyads, but presumed to be informative when analysing the dyad characteristics).  

 

 

 



84 
 

3.3. Results                                 

3.3.1. Numbers of vaccine-supporters 

The mean percentage of vaccine-supporters observed after the decision-making process 

(Table 3-2) when compared with the initial value (90%) is qualitatively independent of 

network-type, but varies by decision algorithm.  (The only exception is the ‘threshold’ 

decisions’ on the highest MVD scale-free network). The ‘majority rule’ algorithm 

demonstrates a “rational herding” effect, with final vaccine-support approaching 100%.   

Table 3-2  Post decision process vaccine-support (%) - mean 

Proportion of all network vertices which have a final opinion-status “support”. 

Mean taken across 10,000 simulations for each combination of network structure (network-type and 
MVD) and decision-making algorithm. 

decision-making algorithm 

random network-type 

MVD 

4 6 8 10 12 

‘majority rule’ 98.8% 99.6% 99.9% 100.0% 100.0% 

‘threshold’ (α=4) 95.0%  98.0% 99.2% 99.4% 99.1% 

‘fraction’ 90.0% 90.0% 90.0% 90.0% 90.0% 

‘count’ (β=0.05) 89.9% 89.7% 89.4% 89.1% 88.6% 

 

decision-making algorithm 

small-world network-type  

MVD 

4 6 8 10 12 

‘majority rule’ 99.2% 99.8% 100.0% 100.0% 100.0% 

‘threshold’ (α=4) 95.7% 99.7% 99.8% 99.5% 98.8% 

‘fraction’  90.0% 90.0% 90.0% 90.0% 90.0% 

‘count’ (β=0.05) 89.9% 89.7% 89.5% 89.2% 88.8% 

 

decision-making algorithm 

scale-free network-type 

MVD 

4 6 8 10 12 

‘majority rule’ 99.0% 99.5% 99.9% 99.9% 100.0% 

‘threshold’ (α=4) 91.7%  93.2% 94.7% 92.6% 86.2% 

‘fraction’  90.0% 89.9% 90.0% 90.1% 90.0% 

‘count’ (β=0.05)  89.6% 89.1% 88.6% 87.9% 87.1% 
 

 



85 
 

The vaccine-support proportion by simulation (Figure 3-2) also shows qualitative results 

independent of network type (with the same exception).  The majority of simulations using 

‘majority rule’ and ‘count’ result in increased and decreased vaccine-support, respectively, 

vs. the initial 90%, with greater differences associated with higher MVD.  The ‘fraction’ 

algorithm does not substantially move the median value, but does show a wider range of 

results on the same network-structure. 

Considering the increase in support as a function of the network’s MVD, there is a turning 

point for the ‘threshold’ algorithm within the range examined. The sensitivity analysis to the 

parameter α within this formulation (see Appendix) demonstrates this maximum occurs at 

MVD=2α   This non-monotonic result is independent of network-type. 
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Figure 3-2  Distribution of vaccine-support (%) post decision process 

Proportion of all network vertices which have of final opinion-status “support”. 

Box-plot of observed values across 10,000 simulations for each combination of network structure 

(network-type and MVD) and (specified) decision algorithm. 
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These results are directionally consistent with the expected outcome of each decision-

making algorithm applied to an individual in a randomly-mixed population in the absence of 

an underlying network structure (Figure 3-3).  

Figure 3-3  A single decision in a population without network structure – 
expected outcomes 

a] expected change (support=positive) resulting from a randomly selected individual’s 

decision (supporter and rejecter outcomes weighted by population prevalence) 

 
 

expected proportion of decisions which result in an opinion change 

b] count algorithm c] threshold algorithm 
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3.3.2. Clustering of vaccination opinion 

After the decision-making process, the observed intra-dyad agreement (IDA), for a specified 

scenario (Figure 3-5) was increased for ‘majority rule’ and ‘fraction’ algorithms (across all 

network-structures). This IDA measure indicates increased opinion-clustering was present in 

these networks after the decision process.  However the IDA quantitatively varied with MVD: 

higher MVD associated with smaller increases when using ‘fraction’, but associated with 

larger increases when using ‘majority rule’.  

The qualitative results of both ‘opposing count’-based algorithms (‘count’ and ‘threshold’) 

varied by network structure, with scale-free networks differing from random and small world 

structures. For the ‘count’ algorithm, on random and small-world networks the opinion-

clustering increased on lower MVD networks, but decreased on higher MVD networks.  For 

the ‘threshold’ algorithm the opinion-clustering increased on the random and small world 

structures, but decreased (and by the largest observed quantitative amounts) when applied 

on a scale-free network.  The single non-network decision scenario (comparing the 

individual’s expected post-decision opinion with their canvassed individual’s opinions, Figure 

3-4), leads us to conclude that the heavy tail of the scale-free network’s degree distribution 

contributes to this phenomenon because (for sets of canvassed individuals with set size in 

the top quartile examined)  both these algorithms begin to be associated with opinions being 

more likely to change against the local majority as the canvass ‘sample size’ increases.  

Figure 3-4  A single decision in a population without network structure - 
expected outcome compared with opinions of those canvassed 
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However, the expected clustering varies with the proportion of vaccine-supporters, which 

itself varied considerably between individual simulations (Figure 3-2). Hence, to distinguish 

clustering that is not solely due to changes in population-level vaccine-support, we compare 

the observed value with the expected value in a randomly-mixed population with the 

observed proportion of vaccine-support (calculated on a simulation-by-simulation basis).   

These results (Figure 3-6) are not presented for the ‘majority rule’ algorithm due to the 

ceiling-effect at 100% vaccine-support, where no clustering is possible; we also note that the 

threshold algorithm also has this ceiling effect for non small-world networks with mvd≈2α. 

Restricting consideration to the remaining scenarios, all displayed median clustering 

changes.  For the ‘fraction’ algorithm, the majority of simulations on all network-structures 

have increased clustering, with greater clustering (at equal MVD) produced on small-world 

networks and greater clustering was associated with lower MVD.   For the ‘count’ algorithm, 

whereas increased clustering was again observed on random and small-world networks, by 

contrast reduced clustering was produced on scale-free networks and greater effect was 

associated with higher MVD.  A third pattern was observed for the ‘threshold’ algorithm, with 

lower than expected levels of clustering on random and scale free networks, with the 

greatest deviations from expected clustering  of the examined scenarios.  As with the 

vaccine-support measure, there is some evidence for a turning point in relationship between 

this measure and network MVD (a minimum but at a higher MVD than 2α).  
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Figure 3-5  Intra-dyad agreement (%) post decision process 

Proportion of all network edges which connect vertices of same final opinion-status. 

Box-plot of observed values across 10,000 simulations for each combination of network structure 

(network-type and MVD) and (specified) decision algorithm. 
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Figure 3-6  Intra-dyad agreement post decision process, observed vs expected 
value 

Index: expected value = 100, calculated by simulation. 

Box-plot of observed values across 10,000 simulations for each combination of network structure 
(network-type and MVD) and (specified) decision algorithm. 
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3.4. Discussion 

The model indicates application of a decision-algorithm (which uses information sourced 

from network-contacts) is able to alter vaccine-support levels within a cohort of parents 

considering their child’s routine vaccination.  However, this effect is qualitatively-dependent 

on the representative decision-algorithm, and quantitatively-dependent on the network-

structure. These results indicate that, even with a constant ‘default’ vaccine-support, this 

individual-level process may contribute to dynamics in vaccine-support observed at a 

population-level [42].  Specifically, under certain assumptions, a non-normative anti-

vaccination sentiment spreads within a highly pro-vaccine population, without a pre-requisite 

of significant initial opinion-clustering.   

This study also explicitly demonstrates that such active decisions can create vaccine-rejecter 

clusters. This effect was present in five of the seven combinations of decision algorithms and 

network-structures which are not compromised by ceiling effects (within the range of MVD 

explored).  This confirms the inferences of previous work [166, 169, 170] and extends this 

result across a broader range of plausible contexts than previously examined.  

However, for a given decision algorithm, the results are sensitive to network-structure: 

quantitative differences are observed (mainly by MVD) for all algorithms, the ‘count’ 

algorithm displays qualitative differences across the range of networks explored here and 

the ‘threshold’ algorithm’s results are non-monotonic with respect to the underlying network’s 

MVD, for both vaccine-support and clustering .  Hence understanding this mechanism’s 

potential to contribute to increased outbreak probabilities in highly vaccinated populations 

(via weakened (local) herd immunity, as previously proposed [166, 169, 170], requires 

knowledge of the information sharing network-structure (and examination of later stages in 

the proposed causal pathway, e.g. parent and child networks overlap [168] ).  As noted 

previously, there is little suitable data on information-sharing networks in the context of 

routine childhood vaccination.  Cross sectional studies investigating patterns of social 

contacts (as appropriate to pathogen transmission) have been conducted in the UK [234, 

235]. These studies’ questionnaire methodologies may be usefully adapted to generate data 

that can be used to validate network-structure choice, and hence determine which patterns 

of vaccine-rejecters might realistically be produced by an active decision process.  Results 

are also sensitive to the algorithm representing decision process, both in the assumption of 

contested or uncontested complex contagion and its parameterisation (absolute and 

interaction with the network MVD).  Quantitative surveys touch on factors related to the 

former, but do not include explicit measurement of the latter.    
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Model limitations include the simplifying assumptions that all parents make an active 

decision, that this decision is based solely on the information shared, that all parents’ 

decisions can be mathematically represented with the same function, that this function is 

‘symmetric’ and that initial opinions are randomly-mixed.  Before this process can be 

confidently incorporated into a fuller model of the action of information shared on social 

networks on subsequent dynamics of vaccine preventable-diseases, it is necessary to 

consider the suitability of these assumptions, and adapt the model if appropriate.    

Addressing the first assumption by including some parents who make no active decision 

could exploit existing data [21].  However, those researchers warn about the validity of their 

measure of “automatically” getting the child vaccinated [236], concerns which transfer to 

other measurements appropriate to address model assumptions, which may also be reliant 

on subjective measures.  It may be more appropriate to use decision-pattern data to validate 

model output where assumptions are relaxed by including ‘spontaneous’ individual opinion-

change (changes attributable to other individual-specific reasons [139] ), including 

information external to the network (e.g. media [169] ) and introducing heterogeneity in 

decision representation by specifying a distribution of parameter values (e.g. α or β in the 

‘count’ and ‘threshold’ algorithms respectively). 

Our example algorithms representing the decision-response to the information-shared are 

plausible, but simplistic.  Based on psychological theory and evidence regarding MMR 

decision-making, a full model would benefit from more asymmetrical formulations in two 

aspects.  Firstly, we have used the same function irrespective of opinion-status; whereas 

psychological studies suggest decision-making is not independent of one’s current opinion 

and that reference heuristics [127] and normative influences [134] affect decisions.  Specific 

to childhood vaccination, some parents fear that rejecting the societal norm (vaccination) 

makes them a ‘bad parent’ [87] and omission bias may be present  [237, 238].  This 

suggests state dependent decision-parameterisation is more appropriate.  Secondly, all 

contacts are equally weighted (in calculating 𝑓 and 𝑐).  Psychologists propose primacy and 

recency effects lead to unequal treatment of received information [122] and studies of MMR-

decisions suggest the advisor’s relationship with the parent affects the weight their opinion 

carries  [21, 87, 100, 101]. These sources however do not provide a quantitative metric to 

apply weights to network  edges,  representing the relative importance accorded to the 

information it carries,  Previous work [167] has used frequency of physical contacts as a 

proxy, although data to confirm the spatial range of vaccination advisors is lacking.    We 

have also assumed a positive relationship between the information categorisation and its 

effect the opinion of all recipients’ opinion.  However, experiments have shown a ”backfire 

effect” may be present [239], also it may be possible that parents use the information 
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received as, in effect, a survey of (future) local uptake [240] (whereby pro-vaccine 

information may prompt (anticipated) ‘free-riding’ vaccination-rejection).   

Finally, this study considers a closed cohort (without initial clusters) in order to more clearly 

identify the potential effect of an active decision process on the levels of vaccine-support and 

opinion-clustering.  When incorporating this process into a full information-infection model it 

may be more appropriate to relax these constraints.  Specifically, homophily within social 

networks has been observed [241]; hence a non-random opinion mix may be a more 

appropriate initial condition.  Also social contagion theory proposes network ties inherently 

encourage the development of shared beliefs and behaviours; (including some health 

behaviours [137, 138] .  It is plausible that this process may have acted on the parents, prior 

to the active decision-making modelled here, although the limited published data on the 

contact-network consulted during active decision-making implies there is also a lack of data 

on its relationship to the social network over which social contagion is proposed to act.   

Whilst this study has specifically shown this process of making active vaccination-opinion 

decisions (using information from one’s social contacts) is able to produce changes in 

population-level vaccine-support (where vaccination was the ‘default’ opinion for the vast 

majority) and to create clusters of like-minded individuals, it has also demonstrated that 

these effects are both qualitatively and quantitatively dependent on the underlying 

information-sharing network properties and the assumptions used to model the decision 

process.   Hence in order to better ascertain the credibility of the presence of this 

mechanism to produce clusters of vaccine –rejecters within the context of routine childhood 

vaccination in the UK, requires more empirical data to determine the characteristics of the 

networks involved and to enable validation of decision-representation. 
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4. Survey 

4.1. Motivation 

The mathematical modelling (Chapter 3) finds results that are sensitive to the network 

structure and decision formulation.  We therefore seek evidence for the empirical values of 

these parameters, as they relate to the research question.  Also, previous mathematical 

modelling (Chapter 1) has shown that when the outcome of a vaccination decision process is 

enacted in a population which is then challenged  by an imported infection, the resultant 

infection dynamics are additionally sensitive to the contact network structure across which 

the infection can be transmitted [166-170] and, in the case where the decision and infection 

processes act on different populations, the links between them [168]. 

We therefore wish to describe the structure of ‘information’ network, the ‘potential infection’ 

network and for the connections between these two networks (Figure 4-1). These networks 

are specific to the decision/infection under consideration; we consider decisions as to 

whether to vaccinate with MMR(1) in adherence with the UK schedule of childhood 

immunisations [5], and social contacts between pre-school children that are appropriate to 

the transmission of measles.  

An aside on the terminology adopted here:  

To distinguish between empirical data and mathematical models: social network theory 

terminology is used when describing the empirical networks (i.e. ‘nodes’ connected by ‘ties’) 

whereas graph theory terminology is retained for mathematical models (i.e. ‘vertices’ 

connected by ‘edges’).  When viewing the network from the perspective of a specific node 

we refer to it as an ‘ego’ and its ‘alter(s)’ are the node(s) with whom it has a network tie.  A 

set of three connected nodes [206] (a ‘triad’) is ‘transitive’ if ties exist between all three 

pairings (“my friends are also friends with each other”), and ‘intransitive’ otherwise (“we are 

not friends but do share a mutual friend”). 
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Figure 4-1  Networks to be discovered 

Networks to be discovered by survey 

 

Legend 

 ‘information’ network node ………… adult 

 ‘information’ network tie  ………….. vaccination advice shared 

 ‘potential infection’ network node  … child 

 ‘potential infection’ network tie  ……. social contact relevant for measles 
transmission 

 tie between the two networks ……... adult (node in ‘information’ network) is parent 
of child (node in ‘potential infection’ network) 

 

 

Empirical examples of the ‘potential infection’ network are obtained from contact tracing 

which is part of standard measles case management [243] but this information is not 

publically available.  There have been a number of published studies which collect detail on 

networks of social contacts, if the participants and type of contact measured are relevant for 

measles transmission within the UK pre-school population, then they could considered for 

use here.  Measles transmission requires physical proximity; data on such contacts may be 

collected from reports provided by study participants, from proximity-sensors carried by the 

participants or by observation of the contacts by researchers [244]. 

Both sensor-based and report-based studies have been used to collect data on social 

contact patterns of children.   Sensor-based contact studies are only able to provide data on 

contacts within a closed, pre-defined set of participants.  They have been used to study 

networks within schools in USA [245, 246], and France [247, 248].  Report based studies 

have also collected school-based datasets [246, 249, 250] .  Whilst some of these studies 



97 

 

have included primary school age-children in UK [249], USA [251] and France [248], they 

have not captured the contacts of younger, pre-school children.   

In the UK, data on young children’s contact patterns has been captured within larger all-age 

report-based studies [234, 235].  In the POLYMOD study [234], the youngest reported child 

age-group was 0-4 years, which was oversampled as compared to its proportion in the 

census (n=95, 5.7% of GB respondents).  In the British Social Contact Survey (BSCS) [235], 

the youngest reported child age-group was 0-10 years, which was “not well represented” 

(Danon et al [235] SI p1) within the respondents (n=18, 0.3% of respondents who gave an 

age).  Both of these studies used prospective anonymous diaries for a single day to capture 

the social contacts (responses for young children being completed by their parents); 

frequency of contact was collected and used to calculate and estimate the contacts across 

longer periods of time.   Both studies request contacts that were either face-to-face 

conversations or skin-to-skin physical contact.  BSCS included an estimate of transitivity via 

third party reporting of contact to contact meetings [235].   

The details of the social networks across which parents’ vaccination decisions may be 

influenced are not captured in these studies as proximity contact studies, such as 

POLYMOD and BSCS, do not capture information transfer opportunities that are not face-to-

face conversations.  Online or phone records offer rich datasets to recreate networks over 

which information may be transferred [235, 252, 253].  However, there are channel-specific 

concerns as regards the fit with the definitions (tie and node) required here  e.g. phone 

records are unable to filter contacts by communication content and content-specific search 

engine use [254] does not represent human-human contacts.  However “social media” 

datasets are available with details of ties and message content that, with machine learning, 

become logistically categorisable by sentiment.  Analysis of social media on the introduction 

of a new vaccine found assortativity by message [255].  However for established routine 

child vaccinations the timespan over which parents are receptive to information is beyond 

that which is practical for these datasets, as active consideration of child-vaccination 

opinions starts during pregnancy [256] and the scheduled age for MMR1 (12 months) further 

lengthens this period as compared with other routine vaccinations [5]. Additionally, there are 

limitations on the spatial proximity measures of online network members, and hence how 

online ties map into potential infection transmission contacts (especially for children who 

have a further separation from the online network).   

A number of studies in the UK have sought information on the types of people from whom 

(MMR) vaccination information is sought [21, 80, 82, 87, 94, 95, 97, 100-102, 257], but they 

have not collected data on the numbers of these contacts that would provide node-degree 
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information for the associated ‘information’ network.  Surveys in the USA have captured the 

contacts with which “important matters” are discussed [231, 242] and have reported the 

average number of such contacts. These studies have not attempted to capture network 

structure and the contacts recorded may not reflect discussion of routine childhood 

vaccinations.  Also, the different health service provision and vaccination legislation in the 

USA and the UK (in the USA the vaccinations are not necessarily free of at point of access 

and some states require proof of vaccination prior to school enrolment) indicates that the 

generalizability of data on the vaccination decision process across these two locations 

cannot be assumed.  

This lack of data on ‘information’ networks means that the relationship of adult contacts 

within this network to children within the corresponding ‘potential infection’ network is 

inherently unknown.  This uncertainty also extends to the ‘overlap’ of nodes and the ‘overlap’ 

of ties (Figure 4-2) (this comparison may be facilitated via alternative conceptualisation of 

the nodes in the separate networks as parent-child family-unit nodes in a duplex).  For 

example, the influence of another generation, such as the parents’ own parents, has been 

observed in new parents’ breast-feeding decisions [258] and is specified in one study of 

vaccine information sources [21].  The inclusion of these individuals in the ‘information’ 

network would mean that not all ‘information’ network members are parents with dependent 

pre-school children (who might be in within the ‘potential infection’ network). 
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Figure 4-2  Networks’ overlap 

a] ‘Information’ and ‘potential infection’ networks’ overlap toy example 

 

Pairs of nodes which ‘overlap’: 

A & a,  B & b,  C & c,  D & d 

 

Pairs of ties which ‘overlap’: 

B-C & b-c,  C-D & c-d 

 

Legend 

 ‘information’ network node  ‘potential infection’ network node 

 ‘information’ network tie   ‘potential infection’ network tie 

 tie between the two networks   
 

 

b] Same toy example reconfigured as a duplex 

 

Duplex nodes with both ‘information’ 

and ‘potential infection’ ties 

correspond to ‘overlapping’ nodes in 

the original paired networks. 

Where both types of ties join the 

same pair of duplex nodes, these 

ties correspond ‘overlapping’ ties in 

the original paired networks.  
 

Legend 

 
duplex node ………………………... family unit (internal colours inherited from 

original networks) 
 ‘information’ network tie  ………….. vaccination advice shared 

 
‘potential infection’ network tie …… social contact relevant for measles 

transmission 
 

 

In summary, few empirical studies of UK pre-school children’s social contacts have been 

undertaken, none of which directly measure the cumulative contacts across the 6-8 day 

period appropriate to measles infectiousness [28] and the only study identified as attempting 

to capture transitivity of this contact network [235] has a very small number of young children 
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in its sample.  Whilst several studies have found evidence of peer-to-peer vaccination 

information sharing, empirical quantitative data including the total numbers of information 

contacts by UK parents and the structure of the network they form were not found in the 

literature.  

Given this paucity of required data on these networks, a survey was undertaken to discover 

the network structure parameters for use in mathematical modelling.  This also provides the 

opportunity to collect data on the qualitative properties of the nodes and ties within each 

network (social relationship between ego-alter, sentiment of the vaccine-related information 

shared, and MMR status of the children).   

The data on sentiment of information shared between ‘information’ network nodes provide 

direct empirical evidence to inform a choice of mathematical formulation to represent the 

decision-process, addressing another sensitive assumption in the mathematical model. 

Also, these additional data open the possibility of obtaining empirical data on the amount of 

clustering of vaccination opinion in the ‘information’ network (as predicted by theoretical work 

but, to our knowledge, not previously quantitatively measured) and on clustering of 

vaccination status in the ‘potential infection’ network.   

‘Information’ network data were collected from parents of pre-school children, who were also 

asked to report ‘potential infection’ network data for their pre-school children.  Assumed 

open communities directed the choice of social network sampling methodology [232] 

(ego-centric networks with alter-connections, with snowball sampling to increase network 

penetration) and data collection (participant reports).  In brief, a self-completion 

questionnaire was used, collecting retrospective data including non-anonymous network tie 

data (to enable consideration of network reconstruction).  

4.2. Initial design and pilot 

Questions, questionnaire format and survey logistics were tested via a pilot survey to 

minimise measurement error, and pilot respondents were invited to debrief interviews to aid 

further refinement prior to the main fieldwork.  The pilot was completed without the snowball 

element so the survey content could be prepared and tested within a more controlled 

environment.  Those involved in the pilot survey were also invited to volunteer to participate 

in face to face debrief interviews.  
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4.2.1. Methods 

4.2.1.1. Variables measured 

Collection of the data identified above was prioritised (network contacts, social relationship 

between ego-alter, sentiment of the vaccine-related information shared, and MMR status of 

children), but limited additional questions were included to guide the respondent through the 

questionnaire and to enable the comparison of this survey’s participation and results with 

data from other sources, including surveillance data. In order to keep the respondent burden 

low, the anticipated completion time was set for a maximum of ten minutes.   

Network structure variables are the ties in the ‘information’ network for the respondent, the 

ties in the ‘potential infection’ network for each pre-school child of the respondent and the 

links between these two groups (i.e. an adult alter who is the parent of a child alter).  The 

specific definition provided for the determination of ties in the ‘information’ and ‘potential 

infection’ networks was MMR-related information and measles transmission respectively 

(see §4.2.1.4).   Ties were non-directional.  

Other variables on the decision and infection processes are the social relationship between 

ego-alter, sentiment of the vaccine-related information shared, MMR status of children and 

also personal knowledge of both measles cases and adverse events attributed to MMR.  

The following demographic details were collected for the respondents and the sample 

children: location, sex, age, ethnic group and education for respondents, the number of 

children in the respondent’s family and age for respondent’s child.  This includes adult 

demographics identified as associated with MMR hesitancy in a synthesis of previous 

studies (Chapter 1). 

4.2.1.2. Survey format 

A self-completion questionnaire was used, to enable respondents to complete the survey at 

their convenience and, given the perceived judgemental attitudes of peers [87, 97], to 

minimise social desirability bias. Data were non-anonymous (to identify reciprocal ties or 

mutual nodes), but confidential.  The questionnaire was prepared in both paper and online 

formats; both formats contained the same content.  All respondents were initially invited to 

complete and submit the questionnaire online, but paper copies were available within the 
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recruitment centre for the respondents use if they preferred (paper questionnaires were 

submitted by posting to the researchers).  

4.2.1.3. Participants (recruitment) 

The study population was parents with children aged 1-4 years.  Childcare settings were 

identified as suitable recruitment centres.  For the pilot, one recruitment centre was used, a 

child-care setting situated within a Primary Care Trust (PCT) on the shortlist for the main 

survey (Table 4-3).   

All parents of children aged 1-4 years enrolled at the selected childcare setting were invited 

to participate (subject to ethical requirement on vulnerable individuals) via email from a 

senior member of setting staff.  The email included the survey website address, and survey 

materials supplied by the researchers (Invitation to Participate and Participant Information 

Sheet). 

4.2.1.4. Instrument development 

Question-wording and answer-options (for closed questions) were informed by existing, 

validated instruments and a synthesis of previous MMR studies (Chapter 1), see Table 4-1.  

The Questionnaire Appraisal System [259] was used to check questionnaire content during 

development.  A single instrument was used by all respondents – the pilot itself was not 

used to test alternative question content or presentation, but alternative format were 

presented to debrief participants for their feedback.  

POLYMOD data have evidence of an artificial capping of contact numbers by the spaces 

provided [234]. Hence, we include a ‘group’ contact option as used in BSCS [235] for 

children; also for both networks, the online version allowed unlimited entries and the paper 

version had spaces in excess of twice the expected numbers based on the closest relevant 

studies (Table 4-1).  
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Table 4-1  Questionnaire specification 

Survey element Detail / Literature basis 

Demographics  Wording from 2011 Census [185] 

‘Information’ network  

Tie definition: proximity Information shared regarding measles protecting vaccines.   

Tie definition: timespan No time limit (assume ability to recall is associated with ability 

to influence decision) 

Spaces for ties (paper) Estimates from Marsden, McPherson et al [231, 242] and 

inferred estimates from DH/COI CITS [21] 

Alter’s social relationship Categories from DH/COI CITS [21]  

Sentiment of information Categories informed by responses in qualitative studies [91, 93, 

94, 96, 97, 100, 102, 103]. 

‘Potential infection’ network  

Sample children spaces Twice mean dependent children [260] 

Tie definition; proximity  “in the same room for 15+ minutes or face-to-face contact” 

(Appendix 4 [243]) 

Tie definition; timespan Weekly (approx. infectious period for measles [28]) 

Spaces for ties (paper) mean number of all-age contacts made by 0-4 children [234].   

MMR status Parent recall (good agreement with medical sources [218, 261])   

 

Restrictions were applied to the ‘potential infection’ contacts request. Inclusion was restricted 

to other pre-school children: providing clear respondent guidelines to improve data quality, 

matching the sample inclusion definition and given evidence [234] that this age group mix 

assortatively or with a generation unlikely to be susceptible to measles [243]. Also contacts 

were requested for “term-time”, given the differences in term time vs holiday contact patterns 

observed for school age children [262] might also be found in this group. 

In addition to the target limit on time-burden on respondents, compact presentation units 

(single folded paper sheet and lack of scrolling online) were used to reduce barriers to non-

completion). 

4.2.1.5. Ethical considerations 

The study was reviewed and approved by the Imperial College Research Ethics Committee 

(reference ICREC_12_2_2).  Procedures and safeguards relating to informed consent, data 

protection, collection of non-anonymous data, response confidentiality, protection of 
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vulnerable individuals and the respect of patient confidentiality are given as an appendix 

(see Appendix) 

4.2.1.6. Data analysis 

The first stage in the pilot survey analysis was network reconstruction, matching-up the 

connecting names for each interacting pair, using the non-anonymous data.  After the two 

networks (‘information’ and ‘potential infection’) and the parent child links between them 

were constructed, the data was anonymised before further analysis.  The data analysis is 

then completed, including calculation of network characteristics, vaccination patterns and 

respondents’ demographic profiles. 

4.2.1.7. Participant debrief 

Both respondents and management staff at the recruiting centre were invited to participate in 

face-to-face debriefing on the pilot survey, the respondent debrief used a structured 

interview for consistency across the sample.  

The pilot survey debrief staff interview was planned to include discussion of the survey 

distribution logistics, survey return logistics, appropriateness of generic instructions to their 

specific circumstances, if the centre had received any comments regarding the placement of 

the survey (within any confidentiality constraints) and any other subjects which the 

interviewee wished to raise. 

The pilot survey debrief respondent interview included specific investigation of the validity of 

questions relating to the network structure, both in the question wording and the answer-

collection formatting.  This investigation included general, open questions and comments 

solicited via the presentation of pre-prepared questionnaire alternatives to the interviewee. 

The debrief interview also investigated the perceived burden on the respondent (including 

time taken to complete the questionnaire and the practicalities of returning a completed 

questionnaire), any issues of questionnaire comprehension, any difficulties with providing 

their answers, the clarity and comprehensiveness of the instructions and support information 

and their willingness to snowball (and preferred snowball mechanic from a list of 

alternatives).  The respondent debrief interview structure also included more open 

questioning to enable respondents to volunteer feedback on any other elements of the 

survey. 
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4.2.2. Results 

Fieldwork for the survey pilot was conducted at a nursery within the Hammersmith & Fulham 

PCT in July 2012.  It was known that the nursery is used by a large number of healthcare 

professionals (although not exclusively used by those in this occupation sector).  Hence 

predominance of a particular occupational sector was expected to produce a bias in 

respondent characteristics, such as educational qualifications, which reduces the 

generalizability of the results of the pilot.  However, this clientele is suitable for the pilot 

study, as they were thought to be able to give constructive criticism during the feedback and 

debrief process. 

Response rate and Sample characteristics 

The response rate was 20%, based on the size of the nursery’s roll.  80% of respondents 

responded online, the remaining 20% used paper questionnaires.  The demographic profile 

of responding adults is shown in Table 4-2.  The pilot sample is highly educated, as 

expected given the known bias in the childcare facility’s clientele. 

Network Structure 

The mean number of reported ‘information’ contacts reported was 1.7 (n=15).   Reported 

contacts included family, friends and healthcare professionals.  No transitivity was observed 

within the reported contacts.  The mean number of reported contacts within the ‘potential 

infection’ network was 13.1 (n=15).  One case of transitivity was observed. 

There was 1 ‘overlap’ tie observed, i.e. an ‘information’ network tie between an adult ego 

and one of their adult alters and a ‘potential infection’ network tie between that ego’s child 

and that alter’s child. 

MMR status and decision context 

The recalled uptake of MMR was 85% of children (n=13; censoring data for 2 children aged 

13 months or less, so ineligible for routine MMR vaccination, and for 1 respondent who was 

unsure of their child’s vaccination status).  83% of parents had vaccinated their eligible 

pre-school children (n=14; censoring for the unsure respondent).  Eligible siblings shared the 

same vaccination status. 

The sample includes one respondent who had received mixed advice as to whether to 

vaccinate their child against measles.  There was also one respondent who knew of a recent 
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measles case and another who knew of an adverse reaction attributed to MMR.  All the 

children of these respondents, who were eligible for MMR vaccination, had been vaccinated. 

Table 4-2  Pilot survey respondent characteristics 

Pilot survey adult respondents 

Sex Male 13%  

 Female 87%  

    
Age-group 35-34 years 47%  

 35-44 years 47%  

 45+ years 7%  

    
Ethnicity White / White British 73%  

 Black / Black British 7%  

 Asian / Asian British 13%  

 Other including Mixed 7%  

    
Education Postgraduate 60%  

 Graduate 27%  

 A-level 7%  

 Other 7%  

    
Children aged under 5 years 1 child 93%  

 2 children 7%  

    
Base: all adult respondents (n=15) 

 

Pilot survey child sample    

Age Under 1 year (0 – 11 months) 7%  

 1 year (12 – 23 months) 33%  

 2 years (24 – 35 months) 20%  

 3 year (36 – 47 months) 13%  

 4 years (48 – 59 months) 27%  

    
Base: all sample children (n=16) 

 

 

Debrief participation 

A third of respondents offered feedback on the pilot material, and three respondents 

volunteered to participate in face to face structured debrief interviews.  The childcare facility 

management also agreed to be interviewed, post-survey. 
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4.2.3. Discussion 

The pilot survey has demonstrated that the survey could be successfully administered and is 

capable of producing data that can be analysed to produce characteristics for the 

parameterisation of mathematical models exploring the influence of social networks on 

vaccination decisions and on the resulting potential for vaccine-preventable disease 

outbreaks.   

The nursery management reported no disruption to their operation, which is desirable for 

co-operation from these settings as recruitment centres.  Both formats of the survey (paper 

and online) were used, the technical success of the latter is essential for the implementation 

of the snowball element of the full survey.   The 20% response rate is acceptable and can be 

used in the power calculations for the main survey to estimate the numbers that must be 

approached to obtain the required sample size.   

It was satisfying that the proportion of respondents with unvaccinated children (who were old 

enough to be eligible for MMR) was in line with the most recent MMR1 uptake level for the 

PCT (81% [38] ) allaying fears that these individuals who are acting contrary to the social 

norm may be reluctant to participate.    

The number of ‘information’ network contacts was lower than prior estimates (made using 

Marsden, McPherson et al and DH/COI CITS [21, 231, 242] ).  The number of ‘potential 

infection’ pre-school contacts exceeded the mean number of all-age contacts reported in 

POLYMOD [234].  This latter finding raised concern that the paper version may not have 

sufficient space for these answers to avoid a capping phenomenon. 

However, the contact-listing questions were not both answered by all respondents; which 

was of concern given the primary objective of the survey is the discovery of these contacts.  

This subject was explored in detail during the structured debrief interviews and was the 

subject of the other feedback comments.  These clarified barriers to eliciting a response to 

both these questions.  Using four pre prepared alternative questionnaire layouts (including 

the pilot version), the debrief interviews also unanimously identified a revised questionnaire 

wording which is more likely to prompt fuller disclosure of all recollectable contacts (who 

meet the survey definitions) (see §4.3.1.5) 
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4.3. Full survey 

The full survey included the snowball mechanic.  Following the pilot some elements of the 

questionnaire were amended (wording and layout) and administration logistics were refined, 

these differences are described below.  

4.3.1. Methods  

4.3.1.1. Variables measured 

The questionnaire entered fieldwork with the same variables being measured as in the pilot.  

During the survey fieldwork period, a large outbreak of measles in Wales was reported in the 

national media.  Furthermore, the Department of Health launched a national MMR catch-up 

campaign in late April 2013, primarily targeting children aged 10-16 years old (Chapter 1). 

This context may increase urgency with which parents seek scheduled vaccinations, prompt 

previously vaccine-hesitant parents to reconsider and present unvaccinated children out of 

schedule, and increase the vigour with which HCP encourage adherence with the 

recommended vaccinations (on schedule or belatedly).  The absolute timing of any MMR 

vaccination therefore became a new variable of interest and, from mid-May 2013 a revised 

questionnaire was used. The question regarding the MMR status of the respondent’s 

children was amended to distinguish vaccination decisions that were completed prior to 

these events and those that may have been influenced by them.  Questionnaires already in 

field with recruitment centres were not withdrawn and replaced. 

4.3.1.2. Survey format 

As with the pilot, a self-completion questionnaire was used, prepared in paper and online 

formats, with both formats containing identical questions.  Further details on the specific 

format(s) presented to individual potential participants are given below (§4.3.1.3). A snowball 

mechanism was included; respondents were asked to forward the online access details to 

other adults whom they had included as answers within the questionnaire.  No incentive was 

offered for snowball participation, as the numbers of contacts was a measured variable of 

the survey itself.  
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4.3.1.3. Participants (recruitment) 

The study population was parents with children aged 0-4 years, widened from 1-4 years in 

the pilot (based on advice regarding practicalities from the management debrief).  

Participants were recruited via two channels – ‘direct’ recruitment (via recruitment centres) 

and ‘snowball’ sampling (recruited online by the existing participants, being one of their listed 

‘information’ network contacts, so not necessarily the parent of a child aged 0-4).    

Direct recruitment was undertaken in regions of epidemiological interest. These were defined 

as those PCTs which reported MMR1 uptake figures in the lowest decile for England in any 

of the following COVER reports (the most recent published prior to Ethical Approval 

submission): annual reports for 2008-9, 2009-2010 and quarterly reports for 2010-2011 [35, 

36, 181-184]).  33 PCTs fall into this shortlist definition (Table 4-3).  (PCT names and 

boundaries used are as were in operation in March 2011).  The number of recruitment 

centres approached was largely capacity-driven and focussed into a limited number of PCT 

areas, selected from this shortlist.  (No geographical restriction was placed on snowball 

recruited respondents.)   

Candidate settings were identified via the National Association of Family Information 

Services and management approval was required before they were used as a recruitment 

centre.  Participating recruitment centres describe themselves as various types of childcare 

(nursery, playgroup, kindergarden etc), but no childminders were approached (as local 

authorities advised that significant additional approvals would be required to do so).  Given 

this funnel of approval logistics, the sample of recruitment centres was a sample of 

convenience and coverage bias may therefore be present, although unlikely for children age 

3-4 years old [263].  
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Table 4-3  Shortlisted PCT 

In alphabetical order with mean MMR1 uptake 2008-2011 (weighted by annual eligible population)  
PCT MMR1  PCT MMR1  

Barking & Dagenham PCT   79.5%  Hartlepool PCT 84.7%  

Barnet PCT   86.0% † Havering PCT 80.3% ‡ 

Bexley Care Trust   75.8% ‡ Herefordshire PCT 84.9%  

Brent Teaching PCT   74.8% ‡ Hounslow PCT 76.6% ‡ 

Bristol PCT   83.2% † Islington PCT 80.6% ‡ 

Bromley PCT   82.4% ‡ Kingston PCT 84.6%  

Camden PCT   74.2% ‡ Kensington & Chelsea PCT 85.5%  

City & Hackney Teaching PCT   74.8%  Lambeth PCT 79.1% †‡ 

Coventry Teaching PCT   89.6% † Lewisham PCT 77.9% †‡ 

Croydon PCT   81.7% † Newham PCT 82.3%  

Dorset PCT   85.5%  Nottingham City PCT 81.0% † 

Ealing PCT   82.7% † Richmond & Twickenham PCT 83.9% ‡ 

Enfield PCT   77.2% †‡ Southwark PCT 78.5% †‡ 

Great Yarmouth & Waveney PCT   84.0% † Surrey PCT 80.4% ‡ 

Greenwich Teaching PCT   74.9% †‡ Sutton & Merton PCT 82.7%  

Hammersmith & Fulham PCT   75.8% †‡ Wandsworth PCT 84.6%  

Haringey Teaching PCT   75.8%     

 

Key  †  lowest decile in 2008-09 [35]    lowest decile in 2010-11 quarter 1 [181] 

‡  lowest decile in 2009-10 [36]    lowest decile in 2010-11 quarter 2 [182] 

          lowest decile in 2010-11 quarter 3 [183] 

          lowest decile in 2010-11 quarter 4 [184] 
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Three survey presentation routes were used: online, paper-lead and mixed (Figure 4-3).  

The presentation used at a centre was selected by the setting management, to fit-in with 

how they normally communicate with parents and to incorporate the management’s 

experience of getting parents to respond to information requests.   

Centres choosing the online presentation were provided with a clickable link to the survey 

website (hosting all the survey documentation) and a pro forma invitation email that they 

could forward or include as part of e-newsletters etc.  Centres choosing the paper format 

were provided with sufficient printed survey packs for all enrolled children.  Centres choosing 

to use a mixed format were supplied with the same information as online centres, to use in 

the initial communication with parents, and a smaller number of printed survey packs that 

parents could collect from the setting. 

Figure 4-3  Survey presentation routes 

 
 

 

The fieldwork period is shown in Figure 4-4, together with selected context for MMR (annual 

MMR1 uptake and catch-up campaigns) and measles (annual confirmed cases) in England, 
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for the time since the peak of the MMR safety-scare media coverage (in 2001-2), details of 

which were given in Chapter 1.   

Figure 4-4  Fieldwork period in context 

 

MMR1 uptake NHS Digital [42], Confirmed measles cases PHE HPA [48, 49] 

4.3.1.4. Power calculation 

We consider the pattern of vaccination opinions on the ‘information’ network.  The sample 

size calculated is that required to detect a 10% increase in the observed intra-dyad 

agreement value  (as used in Eames [168] ) vs that expected under random opinion 

allocation, at 5% significance and 80% power (using sample size calculator [264] ).   

We assume the proportion of pro-MMR nodes is the same as the MMR1 uptake, calculating 

the required sample size for the inter-quartile uptake values from the shortlisted PCT (Table 

4-3).  To convert from dyad sample size to node sample size requires the mean ties per note 

(uses handshaking lemma); we use the value from the pilot, 1.70, which provides a more 

cautious sample size than the (higher) prior estimates [21, 231, 242]. Similarly, to estimate 

the number of potential participants to approach to deliver the calculated sample size, a 

more conservative response rate than the pilot survey (20%) has been applied, also any 

contribution from the snowball is excluded: 

 Node sample size 310 251  

 Estimated response rate for survey 15% 15%  

 Potential participants to be approached 2067 1674  
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The number of recruitment centres approached (i.e. the sampling unit for measurements 

using network units) will be largely capacity-driven and it is acknowledged that the likely 

sample size of networks (<20 networks) is insufficient to analyse a dataset of network-level 

measurements. 

4.3.1.5. Instrument development 

The questionnaire was amended, based on the debrief interviews and the analysis of results 

vs prior estimates.   

The alternative contact-collection layout preferred by debrief participants was adopted, and 

filled examples for the child data answers were provided alongside the answer grid.  

Additional guidance on question completion was also provided, using information provided 

by pilot respondents.  Informed by pilot responses, spaces for fewer children were included 

but more spaces for ‘potential infection’ network contacts were provided per child.  Contacts 

that children made at the childcare setting were collected separately from those made 

elsewhere, using these context prompts to reduce recall bias. For adults and children, an 

additional answer option “no contacts” was added to differentiate zero contacts from an 

unanswered question.   

The list of questions (Box 4-1) is common to both formats; examples of the finalised paper 

are in the appendix (see Appendix).  

The survey materials were prepared in English and this language was used on the website.  

It is acknowledged that language choice may introduce both coverage and sample bias.  The 

potential scale of sampling bias was assessed via the analysis data regarding use English 

as Addition Language (EAL) in the survey population (see Appendix) and found to be a 

concern.  Hence, centres were asked which language(s) they used to communicate with 

parents and if use of English would restrict survey access (and the most common first-

languages for any parents affected, so appropriate translation services could be engaged).  

Printed materials were distributed in the language used by the centre and the 

English-language “Invitation to Participate” included instructions for those with limited 

English-language literacy skills to request translated materials.  
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Box 4-1  Survey questions 

Full survey questionnaire: list of questions 

Please tell us about yourself  

 What is your name?  

 What is the postcode of your home?  

 What is your sex?  

 How old are you?  

 What is your ethnic group?  

 Which of these academic qualifications do you have?  

Please tell us about your family  

 How many children (born in 1997 or later) do you have? †  

 Do you have any children aged under 5? If ‘no’ go to  

[For each under 5]   

 What is their name?  

 How old are they?  

 Have they ever received an MMR jab? ‡  

 Please tell us the names of the pre-school children that your child mixes with in a 

typical week (during school term-time), include weekdays and weekends. 

 

-  - Children who your child mixes with at childcare  

-  - Children your child meets in other places  

[Thinking about your MMR jab decision, for a nominated child]  

 Please tell us the names of all the people with whom you can remember discussing 

vaccinations to protect children against measles (e.g. MMR) including 

giving/receiving advice, information or opinions on this subject. 

 

 How do you know this person?  

 Where do they live?  

 Which of these descriptions is the closest match to this person's advice or opinion?  

 Is this person the parent of a pre-school child? If no parents go to  

[For every person marked as having pre-school child(ren) in the previous question]  

 Do they have a child (or children) who was included in your answer to [pre-school 

children that your child mixes with]? 

 

  Have you, or anyone you know personally, had measles recently?  

 Have you, or anyone you know personally, had a serious adverse reaction 

attributed to MMR jab? 

 

† children born in 1997 or later would turn 16 in the fieldwork year 

‡ options provided were revised mid-May 2013 
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4.3.1.6. Ethical considerations 

This survey was reviewed and approved by the Imperial College Research Ethics Committee 

(reference ICREC_12_2_2).  The considerations outlined for the pilot were maintained, 

regarding informed consent, collection of non-anonymous data, data protection, response 

confidentiality (including additional procedures for the confidential return of paper 

questionnaires), protection of vulnerable individuals and the respect of patient confidentiality 

(see Appendix).  

4.3.1.7. Data analysis 

4.3.1.7.1. Processing and cleaning 

Paper questionnaire responses were transferred into the same electronic database as the 

online responses.  To facilitate analysis, missing answers were imputed where these were 

unambiguously determined by other answers.   Independent double-entry was used for a 

random 10% of the returned paper questionnaires, and the resultant electronic records were 

cross-checked and compared for accuracy of data-transfer (proportions of matching answers 

/ Cohen’s Kappa values).  We accepted only 100% agreement for questions with 

pre-determined answer options.  Subject to an acceptable level of accuracy in transfer and 

cleaning, single-entry was used for the remaining questionnaires (else further random 

samples would undergo double-entry and checking until acceptable accuracy was achieved).   

4.3.1.7.2. Network reconstruction 

Subject to sufficient responses per recruitment centre (including snowball) networks are 

constructed from the data prior to anonymisation (by matching-up names for each interacting 

pair).  All individual names were assumed to be unique, unless there was evidence to the 

contrary from location and one other data element.  As with the data transfer a sample is 

processed using double-entry, checked for agreement before single-entry was used.  After 

any network reconstruction is completed the data are anonymised before further analysis.   
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4.3.1.7.3. Ego-centric data analysis including inference of 

unreported vaccine-opinion and MMR1 status 

The data analysis is then completed, including calculation of network characteristics, and the 

patterns of vaccination status and of vaccination information transfer.  The comparison of the 

properties of the survey data with those of networks produced by standard network 

algorithms is reported later (Chapter 5).   

To enable calculation of intra-dyad agreement from ego-centric data, the vaccine-opinion of 

members of the ‘information’ network and the vaccine status for contacts within the ‘potential 

infection’ networks are inferred, as far as possible.   

We infer the measles-vaccination opinion of the respondents’ advisors, based on the 

recalled sentiment of the communication shared with the respondent.   

We can make an inference of the MMR status for the some of the contacts of the sample 

children who were not themselves included in the sample, namely those named contacts 

who are both individually named by the respondent and were identified as being the children 

of an advisor to that respondent. We infer their MMR status based on the advice their parent 

gave the respondent, i.e. the inferred opinion for the advisor (Figure 4-5). Additionally we 

have reported data on the MMR status of contacts who are siblings to that child.   

We infer the measles-vaccination opinion of the respondents based on their reported 

behaviour in vaccinating their child (where a respondent has children with differently 

categorised vaccinations we assume the respondent has the opinion corresponding to their 

vaccination behaviour with the younger child).   

Assuming that vaccination-supporters seek vaccination at the earliest possible opportunity 

within the routine schedule, the MMR status of children aged 14 months can be used to infer 

vaccine-support for the respondents.  Vaccine-hesitancy may be expressed as a delay in 

presentation of the child for vaccination or non-presentation; hence (mindful of the COVER 

methodology) we infer that if a child is still unvaccinated by 24 months then the parent 

intends to “never” have them vaccinated with MMR, and vaccinations occurring between 

14-24 months have been purposefully deferred.   
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Figure 4-5  Inference of MMR opinion and MMR1 status   

Nodes within networks discovered by survey 

with associated MMR-related data 

 

 

Notes: 

* if mulitple offspring render a respondent’s opinion inferrence abiguous, the youngest 

child with an uncensored MMR status is used as the source 

* for contacts which are siblings of the child their reported status is used 

Legend 

 ‘information’ network tie  parent-child family tie 

 ‘potential infection’ network tie  inference 
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4.3.2. Results 

4.3.2.1. Implementation 

4.3.2.1.1. Setting recruitment 

The survey fieldwork was conducted in the following PCTs: Camden, Ealing, Enfield, Great 

Yarmouth & Waveney (GY&W) and Wandsworth.  The final fieldwork areas were purposively 

chosen to reflect the London bias of lower MMR1 uptake (with both inner and outer London 

areas included) but to also include a non-London region.    

Ealing PCT questionnaires were all placed prior to the questionnaire change to incorporate 

absolute timing of MMR uptake (Q11), other areas used the amended version of the 

questionnaire.  However the analysis does not include any data from questionnaires placed 

in Ealing PCT, because there was a small local measles outbreak [265] and several 

recruitment centres withdrew co-operation (including where individual setting management 

had agreed to participate but were subsequently over-ruled at group level, and so the 

settings withdrew their consent).  Three settings in other areas were removed from the 

survey after having given consent to act as recruitment centres and receiving questionnaires 

for distribution (one centre withdrew consent following a change of management, one centre 

distributed materials incorrectly, one centre accidentally destroyed returned questionnaires 

before they could be collected for analysis). 

The potential parent participants are a thus a sample of convenience.   A summary of the 

recruitment funnel for recruitment centre funnel is shown in Figure 4-6 together with the 

geographical distribution of the participating recruitment (the total enrolled children at the 

participating recruitment centres represent 3.3% of the pre-school-age population of the four 

areas [211] ).      
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Figure 4-6  Recruitment funnel 

 

 

Final sample recruiting: 4 areas, 43 settings (recruitment centres) 

 No. of 

settings 

Enrolled 

children 

Population age 

0-4 years 

Camden PCT 8 317 13168 

Enfield PCT 6 320 24513 

GY&W PCT 11 731 11758 

Wandsworth PCT 18 996 21670 

Total 43 2364 71109 
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Settings with a range of enrollment sizes were included in the recruitment centre sample 

(Figure 4-7).  The median roll size of recruitment centres (48 children, n=43, minimum 19, 

maximum 184) is between the mean weekly attendance for all full day care settings and 

sessional day care settings, 59 and 44 respectively,  in England [266].   

Figure 4-7  Roll sizes of recruitment centres 

 

 

 

 

Base: all recruitment centres (n=43)  

 

Recruitment centres utilised all available format offers (Table 4-4).  The majority 

(corresponding to 56% of gross enrolment) of potential respondents were primarily offered 

the paper questionnaire, with online (parents only given web access details) and mixed-

format (parents notified electronically, but paper questionnaires available within the setting) 

accounting for 26% and 18% respectively. 

Table 4-4  Survey formats offered by recruitment centres to parents 

 Paper lead Online Mixed Total 

Camden PCT 4 4 0 8 

Enfield PCT 5 0 1 6 

GY&W PCT 7 1 3 11 

Wandsworth PCT 7 9 2 18 

Total 23 14 6 43 

Base: all recruitment centres (n=43) 
 

 

All settings in the final sample communicated with their parents using English, so all printed 

materials were produced in English.  Although several settings indicated that they had a 

minority of parents who did not have English as their first language (with a range of 

European and Asian languages used), they did not anticipate that these parents would be 
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prevented from participation through use of English materials.  The invitation to request 

materials in other languages was not taken up by any potential participants.   

4.3.2.1.2. Participant response 

A total of 170 questionnaires were returned to researchers. 169 questionnaires came from 

participants recruited directly by the centres, 1 questionnaire via the snowball.  Hence the 

conversion rate from directly recruited participants to a completed snowball questionnaire 

was 0.6%.  2 returned questionnaires have been removed from the analysis (the only 

questions answered were those regarding the respondent demographics), so the final 

analysed sample size is 168 adult participants – all directly recruited. 

45 questionnaires were submitted online (27%, n=168), of the remaining 123 paper 

questionnaires, 119 (71%, n=168) were submitted via the recruitment centre collection 

boxes and 4 (2%, n=168) were submitted directly to the researchers.  

There are 212 pre-school children in the sample (reported offspring of the adult respondents, 

not restricted to those attending the recruitment centre). 

The response rate was at least 7.1% (due to parent-list confidentiality, enrolled children is 

used as the denominator not parents, hence this rate is a lower bound, due to sibling 

co-enrollment - 11% of parents in the sample have co-enrolled offspring).  Subject to the 

same denominator caveat, parental response was lowest for those with child(ren) are 

enrolled in a setting with roll count of 30 or below (1.9%) and for those offered only the 

online survey (1.6%).  

Considering the corresponding response rate measured within recruitment centre, the 

median response by centre was 4.9% (range = 0.0% to 35.7%, n=43).  12 centres did not 

produce any analysable response (28% of recruitment centres, with a combined child 

enrolment of 719, 30% of the total).  The poorly-responding centres are more strongly 

associated with the (online) survey presentation (Kruskal-Wallis H=15.10, 2 df, p<0.001) 

than centre size (Kruskal-Wallis H=3.20, 3 df, p=0.36) or location (Krusal-Wallis H=3.43, 3 

df, p=0.33).  However the best-responding centres used the mixed presentation (Figure 4-8), 

which was web-led (and 94% of responses received from centres with mixed presentation 

were submitted using the online questionnaire), which allays concerns that the website itself 

might be depressing response levels. 
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Figure 4-8  Response rate by centre by presentation 

 
 

 

4.3.2.1.3. Sample characteristics: respondents and their children 

The demographic composition of the sample – adult respondents and their children in the 

sample – are given in Table 4-5 and Table 4-6. 

As with the pilot survey, the majority of adult respondents are female. The range of ages 

represented is greater than the pilot, but skewed older.  As expected the educational 

achievement is less skewed towards postgraduate level qualifications than the pilot, but still 

contains more graduates than the population (adults with dependent children in survey areas 

[267]).  Black/Black British parents are under-represented in the sample [190].    

Children aged under 1 year old are under-represented in the sample (as a proportion of all 

under 5s [191]), although well distributed between ages 1 to 4 years (inclusive).  The 

majority of children in the sample are first-born for the respondent.  The geographical 

location of the children differs little from that of the adult sample. 90% of the children 

attended childcare (n=206); fewer under 1 year olds attend childcare (17%, n=18) compared 

to the older age groups (97%, n=188).  There is strong evidence that formal childcare 

attendance by sample 0-2 year olds differs from the UK average (35% in 2013 [263], 

z=11.03, p<0.01), but not for the older children.  

There is strong evidence that sample has a higher uptake of MMR(1) than reported by the 

COVER surveillance.  More details are given in §4.3.2.8.   



123 
 

 

Table 4-5  Sample characteristics – adults 

Adult respondents 

Sex Male 10.8%    

 Female 89.2%    

      
Age-group 18-24 years 4.2%    

 25-34 years 32.7%    

 35-44 years 60.1%    

 45+ years 3.0%    

      
Ethnicity White / White British 88.1%  White (British) 72.0%,  

White (Other) 16.1% 

 Black / Black British 3.6%    

 Asian / Asian British 6.0%    

 Other including 

Mixed 

2.4%    

      
Education Postgraduate 28.1%    

 Graduate 44.9%    

 A-Level 16.8%    

 5+ GCSE 3.6%    

 1-4 GCSE 4.2%    

 None 2.4%    

      
Children 1 52.4%    

 2 38.0%    

 3 6.6%    

 4 3.0%    

      
Children 

under 5 

1 74.4%    

2 25.0%    

3 0.6%    

      
Base: all adult respondents censoring for missing answers; n=166-168  
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Table 4-6  Respondent characteristics – children 

Child sample 

Age Under 1 year (0-11 months) 9.0% 0-5 months 3.3%,  

6-11 months 5.7% 

 1 year (12-23 months) 25.5% 12-17 months 10.4%,  

18-24 months 15.1% 

 2 years (24-35 months) 23.1%    

 3 years (36-47 months) 21.2%    

 4 years (48-59 months) 21.2%    

      
Ordinal 1st 61.0%    

(known twins 

have shared 

ordinal) 

2nd 31.0%    

3rd 5.7%    

4th 2.4%    

      
Centre PCT Camden PCT 14.6%    

 Enfield PCT 11.8%    

 GY&W PCT 41.0%    

 Wandsworth PCT 32.5%    

      
Childcare 

attendance 

Yes 87.3%    

No 9.9%    

      
Base: all sample children censoring for missing answers; n=206-212  

      
MMR 

Vaccinated 

Yes 97.8%    

      
Base: all sample children aged 24 months or older, censoring for missing answers; n=136  

 

 

4.3.2.2. Inferred opinions and vaccination status 

4.3.2.2.1. Vaccination status inference  

Vaccination status is inferred for all contacts for whom it is possible (not age-censored as 

contacts’ age is not a measured variable); we note this methodology has a bias toward 

“vaccinated” status.  On this basis, we have a vaccination status for 202 sample children 

(95%, n=212) and an inferred vaccination status for 213 contacts (17% of the total contacts 

who are named or siblings, n=1255).    
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We note that non-availability of inferred vaccination status for 83% of the contacts may 

introduce additional sample bias, and there is strong evidence that the available ego and 

alter samples are taken from different populations (ego 92% vs alter 84%, χ2=6.968, 1 df, 

p=0.01), which is unexpected as they are drawn from the same demograph.  If we are more 

cautious with assumptions of statistical independence, and so censor sibling contacts, the 

evidence for sample heterogeneity remains (alter 80%, χ2= 9.707, 1 df, p=0.02).   

Furthermore this heterogeneity is not driven by the inclusion of children below routine 

vaccination age (with non-assortative mixing) as excluding this group does not weaken the 

evidence (alter 86%, 16.420, 1 df, p<0.001). 

4.3.2.2.2. Vaccination opinion inference 

‘Information’ network alters 

We infer the measles-vaccination opinion of the ‘information’ network contacts based on the 

sentiment of the advice they gave the respondent.  The inferred measles-vaccination opinion 

of the ‘advisors’ (i.e. ‘information’ network alters) uses a binary measurement of either 

supporting adherence to the scheduled MMR1 vaccination or opposing adherence (via 

deferral or rejection) (see §4.3.2.7.1). Therefore it is possible to infer opinion for 421 

advisors (92% of all advisors, n=456).  

‘Information’ network egos 

We infer the measles-vaccination opinion of the respondents based on the vaccination 

status of their (youngest uncensored) child with vaccination behaviour categorised as 

“timely”, “late” or “never”.  We use the longitudinal data (for those children in the pre-catch-

up cohort, as used in §4.3.2.8) censoring children still under 24 months at data collection 

(n=136) to distinguish “late” and “never” behaviour. (We note applying this method to this 

type of data has a bias towards “timely” vaccination.)   

124 respondents (74% of all respondents, n=168) have children in this subset.   94% 

vaccinated in a “timely” manner, 4% were “late” vaccinators and 2% “never” intended to 

vaccinate the child with MMR.  To mirror the binary measure of advisor opinion, we collate 

“late” and “never” vaccinators as non-adherents to the recommended schedule (6%) and 

“timely” vaccinators as adherents.  There is little evidence for differences in inferred opinion 

by respondent’s demographics: sex, age, education, ethnicity, location (PCT of centre) and 

number of offspring (Fisher Exact, significance measured at p<0.05).   
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‘Information’ network sample 

We have vaccination opinions for 92% of all advisors (n=456) and 74% of all respondents 

(n=168).  There is very weak evidence to reject a null hypothesis that the samples of 

respondents and their advisors are drawn from populations with the same profile of binary 

vaccination opinion (χ2=1.807, 1 df, p=0.21), this is despite the presence of HCP within the 

latter group and its cross-generational make-up. 

4.3.2.3. Full networks structure 

Given the response by centre (both absolute value and skew, §4.3.2.1.2) it was not thought 

reasonable to reconstruct networks for all centres.  Similarly, all the network structure 

measurement is restricted to ego-centric data analysis. 

An example of the linked networks from the best-responding centre is shown in Figure 4-9, 

unreported but inferrable ties (between siblings and within complete network subgraphs) are 

not shown. 14% of the childcare setting nodes (based on total enrolled children) remain 

cryptic under this sample, and are not shown in Figure 4-9.  We note the proportion (92%) of 

child notes that are located within complete network subgraphs (all children within the same 

room at the childcare setting and each set of grouped contacts).  We can estimate the 

sampling error for this measure from under-reporting the setting subgraphs (the cryptic 

nodes above), but the data does not allow de-duplication of unnamed nodes within the 

non-childcare groups. 
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Figure 4-9  Example reconstructed linked networks from one centre 

 

Key 

 Extent  of ‘information’ network 

 Extent of ‘potential infection’ network 

 
Extent of family unit 

 
Extent of setting room (coloured by room) 

 
Adult ‘information’ network node 

 

Single child ‘potential infection’ network node (edge colour-coded for 

setting room) 

 

Grouped child ‘potential infection’ network nodes  (represents the 

complete subgraph size n,  Kn) 

 Adult-adult ‘information’ tie (double line indicates between partners) 

 Child-child ‘potential infection’ tie (solid line to grouped nodes)  

 Offspring-parent family link, adult is survey respondent  

 Offspring-parent family link, adult is alter of survey respondent(s) 
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4.3.2.4. ‘Information’ networks 

Ego-centric information network data are available for 161 respondents (96%, n=168), with a 

total of 456 alters reported. 

4.3.2.4.1. ‘Information’ network nodes 

Social relationship of the alter nodes to the ego  

Relationship categorisation (Figure 4-10) is available for 453 alters (99%, n=456).  The 

majority of advisors are not qualified healthcare professionals (HCP): friends represent the 

largest category of advisors (30%, n=453, 13 prompted categories), and a total 45% of 

advisors were family members.   

Figure 4-10  Advisors sample by relationship with respondent 

 

Base: all advisors censoring for missing answers (n=453) 
 

 

Spatial relationship of alter nodes to the ego 

We examine the relative location of the advisors as the information network ties are not 

necessarily dependent on physical proximity.  The location information supplied for 

respondents and their advisors was used to infer the PCT for each [268].  However given the 

range of spatial magnitudes of the survey PCT (2180 - 54387 hectares [194], with the three 
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London PCT in the smallest decile nationally), we have also categorised estimates for 

geodesic ego-alter distance (<10km, >10km) to compensate for edge effects, and 

categorised estimated driving time (<15minutes, >15minutes) to compensate for different 

built environments.  14% of advisors (n=391) have vague “London” locations (and advised 

London residents), and they form the majority of insufficiently precise locations (under the 

PCT metric, 22% of advisors, n=391). 

The majority of the information network alters are reside in the same PCT as their ego (71%, 

n=301) or the adjacent PCT (further 17%, n=301).  The proportion of alters within the same 

PCT is significantly different stratified by centre PCT (χ2=20.296, 3 df, p<0.001) with the 

values for the spatially-smaller London PCTs lower than GYW PCT.  Including a geodesic 

categorisation, 73% of advisors are located either in the same PCT or within 10km of the 

ego’s address (n=334). Under the driving-time metric, 74% of information network alters are 

within 15 minutes of the ego and this proportion is not significantly different across the 

survey areas (χ2=0.237, 3 df, p=0.97).   

Thus the observation that majority of the information network ties are contained within the 

closer of binary categorisations of physical location is robust under all examined metrics 

(although the temporal stability of this observation over the vaccine-decision process is 

unknown).  We also note the corollary that over 25% are located further away, which may 

limit face-to-face encounters, and suggest inter-PCT links were this decision-influence 

process to be examined at that granularity. 

4.3.2.4.2.  ‘Information’ network ties 

The mean number of ego-alter ties reported in the ‘information’ network is 2.83 (95% CI 2.44 

– 3.22, n=161). 16.1% of respondents specified that they had discussed measles-related 

vaccination with no-one (Figure 4-11).  There is little evidence for difference in mean ties, 

when stratified by respondent demographics – sex, age, ethnicity, education, family size, 

and PCT location (p>0.05, using Mann-Whitney and Krusal-Wallis as appropriate).  

Considering the inferred opinion of the respondents, non-adherents have fewer advisors 

(mean 1.14, (n=7), than adherents (mean 2.90, n=115), with moderate evidence that this 

difference is statistically significant (Mann-Whitney, U=228.5, p=0.05).   
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Figure 4-11  Advisor distribution 

a] all respondents  b] paper submissions 

 

 

c] web submissions 

 
 

Base: all adult respondents censoring for missing answers (n=161) 

 

Given the maximum number of reported contacts exceeds the number of spaces in the 

paper questionnaire, we check for a format bias (there was no maximum imposed online).   

Evidence for a format effect is found, but not in the anticipated direction (Figure 4-11b&c) as 

the mean number of reported ties for paper responses (3.47) is significantly greater than that 

for web responses (1.09) (Mann-Whitney U=1033.5, p<0.001, n=161).  Age and education 

are the only demographics to have non-homogeneous use of format (χ2 tests, p<0.05, web-

use skewed towards older or better-educated respondents), and format use is not 

associated with inferred opinion (Fisher Exact, p=1.00). However the data do not permit a 

satisfactory application of two-way ANOVA analyses adjusting for format and demographics.  

Nevertheless, all the demographically-stratified means are higher for paper than for the 

corresponding web-submitted sample, so we conclude there is evidence that the number of 

advisors reported is subject to a format bias, with fuller disclosure by the respondents using 

paper questionnaires (mean 3.47, 95% CI 3.00 – 3.94).   

Censoring web respondents also retains the moderate evidence for a statistically significant 

by inferred vaccination-opinion difference with mean numbers of advisors 1.60 and 3.60 

(non-adherents and adherents respectively) (Mann-Whitney U=116.5, p=0.09). 

Non-adherents were also more likely to report no discussions (57% vs 18%, n=121, p=0.03 

adjusted for format use).  

Less than half of respondents had discussed measles-vaccination issues with a HCP: 46% 

(n=134) of respondents with categorised advisors (Table 4-7), an estimated 38% of total 
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when adjusting for respondents with no reported advisors).  By contrast, an estimated 71% 

of all parents had discussed this subject with friends or family; the majority of respondents 

reported discussions with their partner (estimated 54% of total) with friends and the child’s 

grandparents also each estimated to be consulted by more than a third of parents (estimated 

38% and 34% respectively) .  Again, there is little evidence (Fisher Exact, significance 

measured at p<0.05) for difference in the adherents and non-adherents accessing different 

types of people. 

Table 4-7  Categories of advisors accessed by respondent   

Respondents with at least one advisor in this relationship category 

 Total   

Partner 64.2%   

Child’s grandparent 40.3%   

Other family 23.9%   

Friend 43.3%   

HCP 45.5%   

Other 3.7%   

Base: all respondents with at least one advisor, censoring missing relationships (n=134) 
 

 

Figure 4-12  Estimates of advisor categories accessed 

a] all respondents  b] respondents with 

children aged 0-2years 

 

 

c] respondents with 

children aged 3-4 years 

 
 

Base: all adult respondents censoring for missing answers (n=161, 105, 84) 
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Having previously noted format effect on the numbers of advisors listed (with web-based 

respondents under-reporting), we find that the types of advisors listed also differ.  Fewer 

web-based than paper-based respondents included friends (χ2=12.114, 1 df, p<0.001), the 

child’s grandparents (χ2=7.353, 1 df, p<0.001) or other family (χ2=6.740, 1 df, p<0.001) in 

their listed advisors (n=31 web, n=103 paper), but comparable proportions included partners 

across both formats (χ2=0.656, 1 df, p=0.42). Under the assumption that the format used is 

actually independent  of the nature of the parent’s advisors this may indicate the advisors 

“omitted” by web-based respondents were more like to be friends or family members (other 

than their partners). 

4.3.2.5. ‘Potential infection’ networks 

Data imputation was applied to counter a consistent oversight across all responses: i.e. 

siblings were not named in the contacts lists.  Hence we imputed responses of all pre-school 

siblings as contacts for all survey children (74 ties affecting 73 children).   

Ego-centric potential infection network data are available for 195 respondents (92%, n=212), 

with a total of 4971 alters reported. 

4.3.2.5.1. ‘Potential infection’ network alters 

Contacts were uniquely categorised by context in which they were primarily encountered: 

siblings, at the centre, elsewhere (named and un-named).  The majority of contacts are 

made with those at childcare (58%, n=4971) (Figure 4-13), and this is the largest category 

for all demographic strata (ordinal and age of child, age, education and ethnicity of parent, 

PCT location, family size).  Groups of contacts were met in both formal (e.g. sports sessions, 

playgroups, music classes) and informal contexts. 
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Figure 4-13  Contacts sample by context 

 

Base: contact ties for all sample children (n=4971) 

 

4.3.2.5.2. Potential infection network ties 

No children had zero contacts – although before the imputation of sibling ties 7 (4%) were 

declared as meeting no other pre-schoolers during a typical term-time week.  The mean 

number of ego-alter ties in the ‘potential information’ network is 25.49 (95% CI 23.26 – 

27.72).  The distribution of the number of ties is given in Figure 4-14.  Unlike the listing of 

adults advisors, we find no strong evidence for difference in the mean entries by format 

(number of line entries for contacts made at places other than at the centre ANOVA 

F=2.490, 1 & 210 df, p=0.12).   

1163 contacts were reported by name (23%), the mean number of named ties is 5.96 (95% 

CI 5.27 – 6.66).  There is very little evidence that the number of additional (un-named) 

contacts reported is associated with the size of the network of named contacts only 

(Spearman’s rho=0.019, p=0.80).    
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Figure 4-14  Contact distribution 

All contacts 

a] all survey children b] ego age 0-11 months 

 

 

c] ego age 1-4 years 

 

 

Named contacts only 

d] all survey children  e] ego age 0-11 months 

 

 

f] ego age 1-4 years 

 
 

Base: all sample children censoring for missing answers (n=195, 13, 182) 

 

There is strong evidence for a difference in mean number of ties when stratified by the 

child’s age and child’s enrolment at the centres. Children attending the centre have a higher 

mean contacts than non-attendees (27.07 vs 6.60, Mann-Whitney U=2492, p<0.001) as do 

older children (Krusal-Wallis H=41.155, 4 df, p<0.001, with increasing trend by age 
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Jonckheere TJT=9874.5, p<0.001).   For other measured demographics, there is little 

evidence for difference in mean number of ties when stratified by PCT location, and parent’s 

age and ethnicity; the evidence for different means when stratified by family size becomes 

insignificant when the child’s age or centre attendance are also taken into consideration 

(p>0.05, using Mann-Whitney and Krusal-Wallis as appropriate). 

Also, more children meet contacts at the centre than in the other categories (92%, n=195), 

and this was also the case for all demographic strata examined (as above), except for those 

under one year old (Figure 4-15).   Of the children who do not attend the centre, 47% (n=15) 

had no contacts other than siblings, whereas 26% of attendees (n=180) also had non-sibling 

contacts outside the childcare context. 

Figure 4-15  Proportion of children with any contacts in specified context 

a] all survey children b] ego age 0-12 months 

 

 

c] ego age 1-4 years 

 

Base: all sample children censoring for missing answers (n=195, 13, 182) 
 

 

We recall that the contact definition is based on weekly contacts and pre-school contacts 

only.  We use weekly contact data weighted by context (§4.3.2.5.1) to estimate mean daily 

contacts.  We assume siblings meet every day, childcare contacts 5 days per week (mean 

attendance frequency at school-based nurseries in England [266]) and all others contacts 

are met once a week; we obtain a daily mean contacts of 12.48 (of whom 3.11 are named 

contacts).  A more conservative childcare attendance of 3 days per week (mean attendance 

at full-daycare settings in England is 3-4 days per week [266] ) gives daily mean of 8.22, (of 

whom 2.15 are named contacts). 
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Table 4-8  Mean weekly contacts by context   

Context Mean (95% CI) 

Centre 14.89 (13.81 – 15.97)  

Elsewhere 10.22 (8.33 – 12.11) 

Siblings 0.38 (0.31 – 0.45) 

Base: all sample children censoring for missing answers (n=195) 

 

4.3.2.6. Network overlap 

104 advisors are reported to have offspring who are named contacts in a linked ‘potential 

infection’ network (28%, n=366, censoring partner advisors), and 140 ‘potential infection’ ties 

overlap.  (The named contacts restriction may create under-reporting bias, for parents of un-

named contacts.)  Assuming partners are parents to the sibling contacts (data not reported 

as a corollary of reporting oversight 4.3.2.5), a total of 191 advisors are parents of named 

contacts (42%, n=453) and 248 ‘potential infection’ ties overlap.  

More generally, respondents reported that 65% of their advisors were themselves parents of 

under 5s (n=306, censoring for advisors with whom respondents have a primarily 

professional relationship - as respondents were unable to provide an informative parent-

status for the majority (58%) of these advisors).  We note that 20% of all non-professionally-

known advisors are grandparents of the respondent’s child and so are unlikely to be parents 

of a pre-schooler, providing a ceiling for the possible overlap.  

4.3.2.7. Vaccination information received 

4.3.2.7.1. Inter-personal communication content 

The sentiment of the communication shared across the information network ties was 

informatively-categorised for 93% of the ties (n=456, 6% had unclear sentiment or poorly 

recalled).  The majority (90%, n=421) carried sentiment that supported the adherence to the 

recommended schedule (“should get the MMR jab done when it is due”).   The 10% that 

opposed adherence were evenly split between delaying and refusing MMR.  Support for 

receiving MMR as scheduled forms the majority of the communication shared across ties 

with every relationship category of advisors (Figure 4-16), but there is evidence the 

proportion of sentiment that counsels against the schedule varies by this relationship 
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(χ2=14.07, 5 df, p=0.02) with the highest proportions of non-adherence advice carried by tie 

with friends and other family (not partner not child’s grandparents).   

Figure 4-16  Sentiment communicated 

 

Base: ‘information’ network ties,  

censoring missing answers and unclear/poorly recalled content (n=418-421) 
 

 

The relationship between the respondent’s inferred vaccination opinion and the sentiment(s) 

of the information shared with their alters is explored further in Chapter 5. 

4.3.2.7.2. Direct exposure 

10 respondents (6%, n=166) claimed to personally know recent measles cases and 4 

respondents (2%, n=166) claimed to personally know someone who experienced a “serious 

adverse reaction” attributed to the MMR immunisation.   (To put these numbers in context, 

see Box 4-2.) 

The events recalled are subject to perceptions of severity and attribution by the respondent; 

they do not necessarily correspond to events which were included (or excluded) within the 

surveillance systems for measles cases (NOIDS), or adverse drug reactions (MHRA Yellow 

Card scheme) - surveillance details are given in Chapter 1.   
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Box 4-2  Indications of scale 

Enrolled children at recruitment centres  0.07%  (of under 5’s) 

 
10 unique infection events is equivalent to 

notified measles cases (all) 0.06% (in previous 5 years) 

notified measles cases (in under 5’s) 0.09% (in previous 5 years) 

confirmed measles cases (all) 0.18% (in previous 5 years) 

confirmed measles cases (in under 5’s) 0.58% (in previous 5 years) 

Base: England 
 

 

Enrolled children at recruitment centres 0.06% (of under 5’s) 

 
4 unique vaccination events is equivalent to  

reported adverse events for the MMR vaccine 0.62% (in previous 5 years) 

Base: UK 
 

under 5 population [191], measles cases [48-51], adverse events [45]. 

They do reflect (perceived) evidence which respondents could chose to draw upon when 

judging the risk of infection or of adverse vaccine reactions, which are variables in several 

models applied to vaccination decisions (Chapter 1).  However, as all these respondents’ 

children were vaccinated, there is no evidence (Fisher Exact, p=1.00) of a relationship 

between knowing a case and seeking vaccination, nor knowing an adverse event and 

avoiding.   

Given this somewhat unexpected total lack of association, we investigate if there is 

differential advice experience between parents making their vaccination decision with or 

without this direct knowledge.  

Respondents declaring knowledge of “measles cases” 

There is evidence for difference in the mean number of advisors consulted: 5.80 for those 

with this knowledge vs 2.64 for those without (Mann-Whitney U=1177, p<0.001, and Mann-

Whitney U=788, p=0.01 for paper responses only - given lack of web responses for the 

exposed group and the suspected format effect on reported numbers of advisors).   If this 

association were to be symptomatic of causality the direction is unclear: does having more 

advisors increases the likelihood of case discovery, or does knowing of a case drive 

increased advice-seeking? 
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Respondents declaring knowledge of “adverse reactions to MMR”  

There is no little evidence for a difference in the mean number of advisors (Mann-Whitney 

U=290.5, p=0.83) nor of different proportions of advice in favour of schedule adherence 

(Mann-Whitney U=199.5, exact p=0.64) vs respondents with no such knowledge.  Given that 

vaccination is a non-reversible action, we note that temporal order of the child’s vaccination 

and becoming aware of an adverse event is unknown.  

4.3.2.8. Vaccination status 

Censoring children under 14 months (MMR1 routinely administered at 12-13 months [5]), 

MMR cover is 98% (n=181, Table 4-9) and 98% of parents have vaccinated at least one 

child (n=157, Table 4-10).  Stratifying the child MMR status data by location, child’s ordinal, 

and the age, ethnicity and educational status of the respondent reveals no significantly 

different levels of uptake by demography (Fisher Exact, significance measured at p<0.05).    

Censoring children under 24 months (the age used in MMR1 COVER statistics [10]), the 

recalled uptake is 98% (n=136).  There is very strong evidence that the figure is different 

(z=3.84, p<0.001) to the corresponding COVER uptake for MMR1 of 86.6% (annual COVER 

for April 2010-March 2013, weighted by sample size by year by PCT) [37-39].  We note that 

the survey measurement is not directly comparable with COVER data, with a bias towards 

higher coverage, as there may be children who were unvaccinated at 24 months (their status 

for COVER) but who have been subsequently vaccinated.  

Table 4-9  Children’s MMR status   

  % Vaccinated  

Current Status Age 14 months and over 97.8% n=181 

 Age 24 months and over 97.8% n=136 

    
Pre-catch-up Status Age 14 months and over 92.1% n=152 

 Age 24 months and over 94.3% n=105 

Base: all sample children with informative MMR status,  

censored by age (at time indicated)  
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Table 4-10  Parent’s MMR participation 

 At least one child 

Vaccinated 

At least one child 

Unvaccinated 

 

Current Status      

Children 14 months and over 98.1%  2.5%  n=157 

Children 24 months and over 97.6%  2.4%  n=124 

    
Pre-catch-up Status      

Children 14 months and over 92.7%  8.0%  n=137 

Children 24 months and over 94.9%  6.1%  n=99 

Base: all adults respondents with at least one uncensored child 

 (children with informative MMR status and age at time indicated)  
 

 

As noted in §4.3.1.1, a high-profile measles outbreak and national MMR catch-up campaign 

were concurrent with the fieldwork, which we thought could alter vaccination 

decision-making and behaviour, so a retrospective “pre-catch-up” vaccination status was 

added to measured variables.   

Cross-sectional and longitudinal data all point to a general increase in pro-MMR behaviour 

since the “pre-catch-up” period.  All four cross-sectional measurements of MMR uptake are 

lower pre-catch-up (Table 4-9 and Table 4-10) and current coverage is higher for all 

previously unsaturated demographic strata except black ethnicity (demographic status 

assumed invariant, so age strata excluded) (stratified data in Appendix).  The higher current 

coverage has contributions from new vaccinations in the pre-catch-up cohort (longitudinal 

data shows 92% cover rising to 98% in those then aged 14months - McNemar, one-way, 

p<0.001) and higher uptake in the cohort that has since turned 14 months (97% cover, 

n=29). Comparison of the cohorts of children within the MMR1 schedule window is 

consistent with an increased urgency, albeit with very small samples (current vs December 

2012 cohort; 12 month olds: 33% vs 25% vaccinated, n=7; 13 month olds: 100% vs 60% 

vaccinated, n=9).   

We therefore conclude that the original vaccination decisions (uninfluenced by the atypical 

fieldwork context) are better represented by pre-catch-up data.  Strong evidence for sample 

bias (against vaccine hesitancy) is still present, as the pre-catch-up uptake in children then 

24 months or older is significantly different from the weighted COVER MMR1 uptake 

(z=2.64, p<0.01). 
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The definition previous adopted for inferred vaccination opinion (§4.3.1.7.3) incorporates 

vaccine acceptance evaluated using pre-catch-up data. 

4.3.2.9. Intradyad agreement 

We examine the distribution of the vaccination opinion and vaccination status across the 

networks via intra-dyad agreement (IDA), utilising the opinions and status inferred for this 

purpose (§4.3.1.7.3) 

4.3.2.9.1. Intradyad agreement – vaccination opinion 

It is possible to measure the proportion of intra-dyad agreement in 313 ties (69% of ties, 94 

respondents are included).  There is 89% IDA across these ties (Table 4-11.).  There is 

strong evidence that this differs from that expected if the ties were allocated randomly 

(Fisher exact, p=0.04).  This result (direction and strength of evidence) remains robust under 

alternative definitions to infer the respondent’s opinion (child’s current vaccination status 

censoring under 14month olds, child’s pre-catch-up status censoring then under 24 month 

olds), which offer differing potential for recall bias or window for timely vaccination. 

Given availability of only ego-centric data, we have also considered an alternative 

randomisation: fixing the ego-opinion marginal totals but randomly generating ties with no 

restriction on the alter-opinion marginal totals (using Bernouilli trials each with the probability 

forming a tie with a vaccine-supporting alter set at the proportion of all advisors who are 

categorised as supporting scheduled MMR adherence).  In this scenario the evidence that 

the observed IDA differs from that of randomly-generated ties is less strong (exact, p=0.77). 

(Poisson Binomial calculated using poibin package (version 1.1, 2012) [269] ) in R (version 

2.5.2, 2012) [270]. 

We find no evidence for non-random IDA across professional relationship ties (HCP: Fisher 

exact =1.00, n=72), in contrast to the stronger evidence for socially-focused relationships 

(Fisher exact, Friends & Family p=0.07, n=269; Partner p=0.03 n=59).  The non-random IDA 

with partners suggests a degree of homophily in child-rearing decisions.  
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Table 4-11  Ego-alter ties within ‘information’ network 

 

a] ties with all types of advisors  

Inferred Opinions of connected nodes 

  Alter opinion   

  Support Oppose   

Ego opinion 
Adhere 275 30   

Non-Adhere 5 3   
 

 
Intra-dyad agreement = 88.8% 

 

Base: all ‘information’ network ties with inferred opinion for both nodes (n=313) 

 
Comparison with tie randomisation 

Expected intra-dyad agreement = 87.4% 

Fisher exact, p=0.04 

 
Comparison with alternative random generation of ties 

Expected intra-dyad agreement = 88.4% 

Exact, using Poisson Binomial distribution, p=0.77  

 

b] excluding ties between partners  

Inferred Opinions of connected nodes 

  Alter opinion   

  Support Oppose   

Ego opinion 
Adhere 215 30   

Non-Adhere 4 2   
 

 
Intra-dyad agreement = 86.5% 

 
Base: all ‘information’ network ties with inferred opinion for both nodes,  

censoring for ties between partners (n=251) 

 
Comparison with tie randomisation 

Expected intra-dyad agreement = 85.5% 

Fisher exact, p=0.17 

 
Comparison with alternative random generation of ties 

Expected intra-dyad agreement = 86.5% 

Exact, using Poisson Binomial distribution, p=0.92  
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4.3.2.9.2. Intradyad agreement – vaccination status 

There are 209 ties for which we have the vaccine status for both nodes (4% of ties, 110 

sample children included as ego node) hence it is difficult to make robust observations on 

the level of IDA within the child population.    

There is 77% IDA across potential infection network ties (Table 4-12), and there is little 

evidence that this differs from that expected if the ties were allocated randomly (Fisher 

exact, p=0.23), similar results (exact, p=0.35) are obtained under a similar random 

tie-generation process as used for the ‘Information’ network IDA analysis. 

We might expect the sibling-sibling ties (n=40) to be non-randomly paired in terms of vaccine 

status, inflating the above proportions of IDA. However the IDA in the sample with these ties 

censored is 79% and there is insufficient statistical power to examine this situation further  

for non-random values (using  p<0.05).  
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Table 4-12  Ego-alter ties within ‘potential infection’ network 

 

a] ties with all types of contacts  

 

Inferred Status of connected nodes 

  Alter status   

  Vaccinated Unvaccinated   

Ego status 
Vaccinated 160 35   

Unvaccinated 12 0   
 

 
Intra-dyad agreement = 77.3% 

Base: all ‘potential infection’ network ties with inferred status for both nodes (n=207) 

 

Comparison with tie randomisation 

Expected intra-dyad agreement = 79.3% 

Fisher exact, p=0.23 

 

Comparison with alternative random generation of ties 

Expected intra-dyad agreement = 79.7% 

Exact, using Poisson Binomial distribution, p=0.35  

 

b] excluding ties between siblings 

 

Inferred Status of connected nodes 

  Alter status   

  Vaccinated Unvaccinated   

Ego status 
Vaccinated 100 25   

Unvaccinated 2 0   
 

 

Intra-dyad agreement = 78.7% 

Base: all ‘potential infection’ network ties with inferred status for both nodes,  

censoring for ties between siblings (n=127) 
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4.3.3. Discussion 

This survey addresses multiple gaps in the quantitative literature regarding parents’ 

vaccination decisions in the UK.  This new evidence includes measuring the clustering of 

vaccination opinions, quantifying parents exposure to reports of adverse vaccine reactions, 

and both quantifying the numbers of contacts with whom parents discuss the MMR 

vaccination decision and the sentiment of their advice.  We are unaware of any previous 

studies reporting the numbers of such advisors, within a jurisdiction with voluntary 

vaccination - after this survey went to field a study from the USA [271] was published with 

data on the number of vaccine-advice contacts (purposive non-adherent oversampling, 

n=196) however the fieldwork location has compulsory MMR vaccination [272] which may 

limits its generalizability to decisions in the UK.  Furthermore this information is linked to data 

on pre-school children’s social contacts – the latter collected specifically for this age-group 

which addresses inherent weaknesses with respect to the data on this age-group from all-

age contact studies (i.e. measurement bias, sample size).    

We find that the majority of vaccination-information discussants are not HCPs.  Hence health 

promotion campaigns, which have the objective of improving the quality of vaccination-

advice given to parents, will necessarily only be able to affect a minority proportion of 

advisors if the campaign is focussed solely on the HCP community.  Other sources of 

information (people as identified here, and also recognising the use of online/printed media 

[21] ) should be included in such campaigns to maximise the advice-sources that can be 

thus affected.        

This survey found that adherents to the recommended vaccination schedule had a 

significantly higher number of advisors than non-adherents (3.6 advisors vs 1.6).  Possible 

interpretations include that a higher number of advisors strengthens a normative effect or 

that non-adherents are more reluctant to seek advice, but inferences on the direction of 

causality (if any) of the relative egocentric network size is beyond the scope of this study.  

Comparison with the data from the USA study [271] – in which non-conformers have 6.7 

advisors vs 4.8 for non-conformers – is uninformative on this point as in a 

mandatory-vaccination context advice may be sought not just on the decision itself but also 

on logistics of implementing a non-conformity decision.  However, we do note a potential 

artefact in that social desirability bias may have led to non-normative opinion-holders 

reporting fewer contacts given the measles/MMR context which developed during the 

fieldwork (discussed below); a second wave at a less contentious time would prove useful. 
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As noted above, to our knowledge, this is the first UK-based quantitative study on the 

numbers of vaccine-decision advisors and age-specific measurement of pre-schooler’s 

social contacts.  Nonetheless we are able to compare results with previously identified USA 

studies for the former element and for UK all-age studies for the latter.  The mean number of 

advisors is similar to the “important matters” measures from the USA General Social Survey 

[231, 241] and lower than the Brunson study [271].  The latter difference could plausibly be 

explained by the different geographies (regarding mandatory vaccination, as noted above); 

however the use of different data collection instruments means we cannot discount a 

methodological influence (specifically the prompts employed to encourage name generation 

by recognition, to improve disclosure vs unaided recall [273] ) are used differently).   

The preschool sample is larger than all-age contact surveys found in the epidemiological 

literature (e.g. twice POLYMOD’s [234] ), and this survey was able to include a more 

preschool-appropriate contact definition that all-age surveys (have a “two-way conversation” 

– contact definition in Mossong et al [234]  - is difficult for parents to interpret for the younger 

age-groups).   

For the associative social contacts of children aged 0-4 years, a direct comparison with 

POLYMOD [234] is not possible, however the most conservative estimate of mean daily 

contacts is higher in this study (8.2 vs 1.9 contacts) and remains so if we restrict 

consideration to named contacts only in this study (2.2 contacts) or to physical contacts only 

in POLYMOD (1.5 contacts).  Although mindful of the rise in childcare attendance between 

the fieldwork periods [263], addressing measurement bias through question-wording 

appropriate for younger children (see below) and a more robust sample size (e.g. twice 

POLYMOD [234] ), mean these data do suggest a note of caution when using all-age 

contact studies where preschool children are of specific interest.  Hence adaptations of this 

element of the survey and including non assortative mixing may prove a useful exercise to 

improve data available for such uses. 

There was no evidence of a relationship between knowing a measles case and seeking 

vaccination, nor knowing an adverse event and avoiding vaccination. Additionally the 

numbers reported such knowledge was an order of magnitude higher than the prevalence of 

these cases/events indicated by surveillance data.  ADR surveillance data methodology 

requires careful interpretation and precludes specific statistical analysis, and the expected 

spread of information across network will vary by network path structure and source 

distribution.  However, with these caveats, this disparity for both types of knowledge raises 

the possibility that unsubstantiated information is transmitted along with verifiable information 
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across social networks, and is therefore available as evidence to influence parents’ 

vaccination decisions. 

It is of direct interest to this project’s hypothesis that there is evidence for the clustering of 

opinion, and to our knowledge this has not been measured previously.  However data cannot 

inform us if vaccination opinion is the only homophilic measure across the tie (homophily is 

generally observed in social networks [241] ) nor the temporal order of tie- and opinion- 

formation.  We also discuss below difficulties regarding opinion inference from the data that 

can be collected. 

Data collection tool performance 

The recruitment methodology and data collection formats are key strengths of the study, 

specifically recruitment via childcare settings and use of a self-completion questionnaire.   

Given the levels of vaccine coverage in the UK and mindful of the perceived judgements of 

other parents regarding one’s decision [87, 97], social desirability bias was expected to be a 

concern.  It is known that social desirability can depress participation or engagement with 

surveys (skipping questions, withholding information, or the providing inaccurate but 

‘desirable’ answers [274] ).  These highlighted design factors were incorporated to reduce 

exposure to social desirability bias: self-completion reduces the bias as compared with 

interviewer led surveying [275], and placement via GP practices was specifically rejected as 

parents could think GPs would be biased regarding expected vaccination behaviour (and 

due to the evidence associating perception of GP’s motivations with reduced uptake [83, 89, 

91-94, 97, 100, 101]).  The proportion of non-vaccinators in the pilot responses 

demonstrated that this survey’s methodology and implementation could deliver unbiased 

samples. 

Moreover, the value of these decisions increased with the unforeseeable events that 

affected the context of the survey during the fieldwork period, namely a high profile measles 

outbreak (albeit not in the surveyed area) and the reactive NHS MMR catch-up campaign 

(see Chapter 1) which are thought to have amplified social desirability bias.  Paulhus’ model 

of socially desirable responding [276] distinguishes between egoistical and moralistic bias, 

the concurrent disease and vaccination context could be interpreted as driving an element of 

both.  Avoiding recruitment via GPs also avoided the potential for the survey invitation to be 

specifically associated with GP’s attempts to contact parents in order to persuade them to 

‘catch-up’ with missed MMR vaccinations.   
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The survey outperformed the response rate of the most nearly- comparable all-age contact 

survey BSCS [235], met the pre-fieldwork target for statistical power, and generated a larger 

database of social contact data for pre-school children in the UK than recent all-age surveys  

[234, 235].  However the response rate was lower than for earlier surveys relating to MMR 

[80, 82-84, 89, 93].  This may be from a combination of design factors (non-anonymous data 

on self and alters, lack of incentives, inclusion of web-responses) and external factors (due 

to the timing of the fieldwork).  Given our objective to collect data to enable the 

reconstruction of networks the collecting anonymous data was an unavailable option.  The 

decision to not offer an incentive for response per se was a pragmatic one, given the 

combination of logistical and ethical considerations (centres could not handle incentive 

logistics and maintain response confidentiality of response, respondent contact details would 

be for centrally-administrated post-fulfilment). Thirdly, there is some evidence web-based 

surveys depresses response vs paper [277], and our analysis did lead us to conclude there 

was a format effect on this survey (with reduced depth of response from web-based 

participants).  Evidence from an unusually strong social desirability context, the historical 

timings of previous surveys (closer to the peak of the vaccine scare which may have been 

motivational) and the higher response rate from the pilot (overall and compared with similar 

settings included in the main sample) would support an absolute temporal effect on 

response rate.   Additionally, anecdotal evidence exists for survey fatigue in the Wandsworth 

sample (several surveys were in field from a variety of sources). 

The failure of the snowball may also be similarly affected by outside events, and given the 

variable of interest was size of the contact network of offering an incentive for snowballing 

would have severely compromised data integrity.  Combined with the skew in within-centre 

responses, the ability to measure transitivity data for the networks was severely 

compromised, and no results are reported.  

Given this survey is intended to contribute to a model of decision-making the issue of 

heuristics and cognitive biases in the respondents is important [122, 134], for quantitative as 

well as the qualitative data.  The recall bias and availability heuristics [122] inherent in the 

retrospective design is a survey strength, as the responses more accurately represent the 

perceived, subjective evidence used in parents’ decision-making, which would not be 

reflected in more objective measurements.  Other cognitive biases remain a weakness, for 

example, choice-supportive bias [278] would lead to underreporting of advisors and advice 

contrary to the final (or current) opinion and so amplify the evidence supporting one’s final 

decision.  Further social desirability effects will be present too (skewing the bias effect by 

vaccination opinion).   
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We infer values for the vaccination opinion and behaviour (for ego and alters) from 

responses which are subject to recall bias and other specific cognitive concerns, namely  

misattribution and consistency bias (which may lead to public advice inconsistent with 

private opinion through trying present oneself in a consistent manner).  Additionally, recalled 

information and behaviour may not reflect current thinking, more so for those now less 

disposed to vaccinate, as vaccination - unlike opinion – is irreversible.  It is difficult to avoid 

this bias with cross-sectional studies such as this one (although an unplanned retrospective 

longitudinal element was added during fieldwork)    

This survey includes a more preschool-appropriate contact definition that all-age surveys to 

e.g. have a “two-way conversation” – contact definition in Mossong et al (p382 [234] ) - is 

difficult for parents to interpret for the younger age-groups.  This reduces bias in child-child 

contacts measurement, but it remains an indirect and recalled measure.  We have not been 

able to conceive a study design where this is not inherent, as the children are too young to 

respond themselves and the open sample (and ethical sensitivities for non-sample minors) 

limits use observational methods of network data collection. 

It was intended to collect data in a “non-outbreak” context; although steps were taken to 

avoid respondents in proximity to an outbreak, respondents are likely to have been aware of 

the measles outbreak in Wales. Whilst not affecting vaccination decisions completed before 

then, it provided a different framing of our questions (external to the questionnaire itself), 

hence a limit may be placed on generalizability of some results to a truly “non-outbreak” 

context. 

Future work 

There are also opportunities to design extensions to facilitate incorporation with data from 

other age-groups, or to complement the demographic characterisations and vaccination 

opinion (by ego or homophily across information networks) with either relevant psychological 

characteristics or media exposure (as source of information informing the decision).  

Relevant psychological characteristics include altruism, categorisation from models such as 

theory of culture [130], or personality traits associated with decision-making, susceptibility to 

conspiracy theories [279] etc.  Some individual responses also point to a rich vein of within 

family-unit dynamics – notably the making of joint decisions (using, say, paired questionnaire 

with both parents) – and within-family ordinal vaccination patterns.  

In the case that further data collection is desired, survey methodology can be adjusted to 

directly address some of the survey weaknesses (inherent or unplanned) identified above is 

possible.  The following are all relatively simple adaptations: a different (less abnormal) 
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context, reduced use of web (or web redesign vs paper questionnaires), purposive sampling 

of the vaccine hesitant, interviewer-led questioning for stronger name-generator prompts; 

though they may compromise other strengths (e.g. interviewers increase social desirability 

bias vs self-completion questionnaires [275] ).   

To address the lack of transitive data may require a semi-closed sample or indirect 

measurement (like in BSCS [235]).  The unplanned introduction of limited longitudinal data 

could be expanded to gain clarity on some temporal uncertainties through a prospective 

study, in which case expectant mums are an interesting initial sample [255].   

Specific investigation of the relationship between vaccination behaviour and direct 

knowledge (of infections or adverse reactions) would be valuable given its tacit inclusion as 

assumption in some decision model frameworks (Chapter 1) and the lack of association 

found in this dataset.  

Beyond data collection, the survey was initiated in order to address the paucity of data to 

inform a mathematical model, so this is the most immediate future work arising.   
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5. Revisiting the MMR1 decision model 

5.1. Introduction 

From previous modelling (Chapter 3) we concluded that information-sharing which 

influences vaccination decisions is capable of both changing the overall proportion of 

vaccination-supporters within a population, and also producing opinion-clustering within the 

population.  These effects were found across several different assumptions of network 

structure and of mathematical representation of the decision process.  However, the change 

in the total vaccine-support level is qualitatively-dependent on the decision-representation 

and quantitatively-dependent on the network-structure.  Furthermore, the opinion-clustering 

effect is qualitatively- and quantitatively-dependent on the decision-representation and 

network-structure and their combination. 

The collection of empirical data (Chapter 4), to address the paucity of sources available to 

inform the selection of assumptions used in the model, enables the revisiting of the 

mathematical modelling.  We use the survey data to determine empirically-informed 

parameters for network-structure and decision-representation.  We consider a mathematical 

model with assumptions that incorporate these parameters (which may or may not be in the 

parameter space previously considered) to explore the patterns of vaccination-opinion 

generated via information-sharing.  We continue with the specific example of the routine 

schedule MMR1 vaccination in the UK. 

The empirical data also permits parameterisation of an extension to the model framework: to 

consider the pattern of vaccination uptake within the pre-school population, and resultant 

outbreak probability when challenged by an infection introduced from a vaccine-refusing 

community or another geography (the origin of generalised measles outbreaks in Sussex 

[280],  France [109], Netherlands [281] and in Wales [53] respectively).  Both the proportion 

of unvaccinated individuals and their distribution within the population affect the potential for 

outbreaks of vaccine-preventable diseases [47, 112].  Clusters of unvaccinated individuals 

enable outbreaks to establish in otherwise highly-vaccinated populations.   

Similar to the approach used in the investigation of opinion clustering in the adult population 

(regarding MMR1), the pattern of (MMR1) vaccine uptake is considered using a network of 

social contacts (which offer measles transmission opportunities).  The potential for the 

pattern of vaccine opinions to affect outbreak potential within the child population (via the 

resultant pattern of vaccination uptake) will be moderated by the overlap of edges in both 
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networks (‘information’ and ‘potential infection’), with greater outbreak probability associated 

with larger overlaps [168].  Previous work [168] has assumed the adult and child modelled 

networks have the same mean vertex degree (MVD) and use similar construction algorithms.  

Previous empirical quantitative studies (albeit with imperfect matches to the assumptions for 

MMR1-measles in the UK) have focussed on either the information contacts [271] or the 

child transmission network [234, 235]; no single-source studies have been identified.  This 

survey (Chapter 4) provides single-source empirical data on both networks, including some 

information on overlap). Additionally, the pre-school physical proximity contact data is both 

appropriate to measles-transmission opportunities and has a larger sample of children aged 

0-4 years, than in previous all-age social contact studies in the UK [234, 235] .   

We therefore extend the model, and its parameterisation, to include the information-sharing 

process (on the ‘information’ network), the translation of resultant vaccination decisions into 

the vaccination status of the offspring (age 0-4 years) of parents within that network, and the 

infection dynamics within that child population following the introduction of index case 

infection.   We seek to use this combined decision-infection model to understand the impact 

of a peer-to-peer vaccine-information-sharing process on the pattern of opinion, the pattern 

of cover and outbreak probability. 

Figure 5-1  Extended model overview 

Step One  Step Two  Step Three  Step Four 

    

 
Adult-adult network 
over which advice 

can be shared, 
linked with a 

child-child network 
over which measles 
can be transmitted 

 Adults have random 
initial opinions, but 
canvas their social 
network for advice 
before making final 

decision 

 Children are 
vaccinated 

according to the 
final decision of 

their parent 

 Simulate measles 
outbreak in children 

and measure the 
total number of 
resultant cases               

(using standard 
epidemiological model) 

 

Set up networks 
(parent and child) 

Decision-making 
(parent) 

Vaccination 
(child) 

Infection 
(child) 
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5.2. Parameter fitting  

5.2.1. Methods 

5.2.1.1. Network structure parameters 

We determine parameters for the network structures of the information network (for the 

decision model) and of the potential-information network (for the infection model).  In the 

previous modelling (Chapter 3) the structure of the decision model network was determined 

by the combination of network-build algorithm and mean vertex degree (MVD).  Using the 

ego-centric survey data, we obtain values for the mean vertex degree (from those of the 

(ego) nodes), and another network structure characteristic (the degree distribution) which we 

use to determine an appropriate network structure for the model.    

The degree distribution is the frequency distribution of the numbers of immediate network 

neighbours, across all vertices.  We compare the degree distributions from the survey data 

with those obtained using the network-generation algorithms considered in the previous 

modelling and – given visual inspection of the plots  – with some standard long-tail 

probability distributions: exponential (parameter λ), negative binomial (parameters 𝘸, 𝑝) and 

lognormal (parameters μ, σ).  The algorithms considered are Erdős-Rényi for random 

networks [228], Watts-Strogatz for small-world networks [229]), and Barabási-Albert for 

scale-free networks [230].  Erdős-Rényi generates a degree distribution which the follows 

Poisson distribution (parameter λ) (an approximation for the Binomial distribution for large 

networks).  The degree distribution of a network generated using the Watts-Strogatz 

algorithm (parameters 𝑚, β) is given by Equation 5-1 [282].  The term within the summation 

is equivalent to the product of p(𝑛) under Bin(𝑚, 1-β) and p(𝑥-𝑚-𝑛) under Poi(𝑚β).    

Equation 5-1 Watts-Strogatz algorithm degree distribution   

 ( )  ∑
  

(   )   

   (     )

   

(   )  
   

 
    (  )     

(     ) 
        

mean vertex degree is 2𝑚, rewiring parameter β ∈(0 1) ).   

The degree distribution of a network generated by Barabási-Albert tends towards a power 

law distribution,  (𝑥) 𝑥  . We therefore compare with discrete power law probability 

distribution (parameters γ, 𝑥𝑚𝑖𝑛) and also consider the degree distribution for the non-limit 

situation given in Equation 5-2 [283]. 
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Equation 5-2  Barabási Albert algorithm degree distribution (non-limit) 

 (𝑥)  
 𝑚(𝑚  1)

𝑥(𝑥  1)(𝑥   )
    𝑥  𝑚 

𝑚 is number of outgoing edges from each additional vertex in the algorithm). 

We use Maximum Likelihood Estimation to optimise parameters (R package bbmle [284]), 

and, for the power law distribution, R package poweRlaw [285] based on the work by 

Clauset [286],  comparing the fit between the candidate formulations using Akaike 

information criterion (AIC).  We note that the not all the candidate distributions are defined at 

zero and, similarly, the small world and scale-free algorithms generate a single giant 

component; therefore we initially censor the elements with zero contacts when performing 

the fitting. 

5.2.1.2. Decision model: Information network data 

Both the model and the survey data focus on the parent’s decision whether to present their 

child for the scheduled MMR1 vaccination, with egocentric data collected for one respondent 

(parent) per child.  For simplicity, the model has a single (parent) vertex in the ‘information 

network’ with an opinion status which is transferred to inform the vaccination status of each 

single (child) vertex in the ‘potential infection’ network.    

However, the vaccination decision for each child may be a joint decision made by more than 

one of their parents, if they are co-parenting during the decision-making period (active 

consideration of vaccinations starts before birth [256] and scheduled MMR1 vaccination 

would occur within a couple of months after the child’s first birthday [5] ).  Hence a ‘parent’ 

vertex in the model may represent the combination of two individuals and the 

single-respondent survey data may not represent the full set of ‘information network’ 

neighbours for a joint decision.    

Data on lone parent or couple status were not collected in the survey, but there is evidence 

(from two national datasets: registered births and census population [213, 287] ) that raises 

the possibility that the sample is biased on this measure.  75% of families with dependent 

children aged 0-4 years old (in surveyed regions, weighted by uncensored response by 

PCT) are not lone-parent families [287].  This is significantly different (z=2.796, p=0.01) from 

the proportion of surveyed parents who include a partner as an advisor, 53% (n=160) (i.e. 

64%, n=134, of those who cited any advisors).  Both these proportions are lower than the 

proportion of children who are born to parents who were legally partners or assumed to be 
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cohabiting (85%), based on national birth registration data [213] ).  Both population 

measurements are consistent with either a biased survey sample bias (towards lone 

parents) or with 15%-25% of couple-parents not citing their partners as an advisor (either a 

similar phenomenon to the observed non-reporting of siblings (Chapter 4) or their partner 

was genuinely not consulted).  That said, the proportion consulting with partners is higher 

than reported in the DH/COI CITS data (48% of parents of 0-2s) [21].  

We therefore categorise the decision-model vertices into two types: those corresponding to 

“couples” and “lone parents” (at a proportion estimated from the population datasets) and we 

estimate degree distributions for each vertex type separately.  Given the lack of data to 

inform our assumptions, for the couples we take two example estimates of the (net) 

egocentric network used to inform the decision: “solo” where the shared network is one 

parent’s network only (their partner adds no unique contacts), and “joint” where the shared 

network includes unique contacts from both parents. 

We inform the parameterisation of the degree for each vertex type using the data stratified 

by the inclusion or absence of the partner in the reported ego-centric network: “lone parents” 

uses data from respondents who do not include partners as advisors, and “couples” uses 

data from respondents who do include partners as advisors; assuming that both types of 

decision-making units are equally likely to have no advisors. For “solo” egocentric network 

assumption for a “couples” vertex we use that raw data. Under the alternative assumption of 

“joint” egocentric network for a “couples” vertex, weights are applied to the “solo” data (using 

the reported ego-alter relationship data) to calculate a plausible size for a combined set of 

contacts as follows.  We assume both parents have the same pattern of advisors (i.e. 

mirrored) and de-duplicate shared contacts (contacts which are neither friends nor family are 

taken to be shared contacts: 94% of those assumed duplicates are healthcare professionals 

or childcare staff), and partners themselves are removed as no longer external to the “joint” 

decision.  We test parameter and model sensitivity to these assumptions through the degree 

distributions obtained, and qualitative model outcome (in §5.3).  

As noted previously (Chapter 4) there is strong evidence for a survey format effect for the 

number of advisors reported, with the web format depressing full disclosure.  Additionally, 

the paper sample is closer to the population profiles of parent age and education.  We 

therefore consider data which censors web responses to remove this artefact and reduce 

response bias.   

From these analyses we determine a suitable range of MVD to explore, and compare the 

degree distributions for each to inform the structure for the final ‘information network’ model 
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5.2.1.3. Infection model: Potential infection network data 

The previous analysis (Chapter 4) revealed the importance of the contacts made with 

roommates at the childcare setting within the egocentric networks, with such contacts 

forming 58% of all contacts.  Also the measles transmission opportunity definition [243] 

determines that the ‘potential transmission’ subgraph for n roommates is the complete graph 

Kn.  We wish to retain this structure within the model, and so regard the overall degree 

distribution as the sum of the distribution of setting-roommate contacts and the distribution of 

non-setting-based contacts.   

However the recruitment methodology for the survey introduced a bias towards childcare 

attendees for the 0-2 year olds.  Population data [263] shows formal childcare enrolment of 

93%-98% in 3 and 4 year olds (UK, 2012) and 35% for 0-2 year olds (UK, 2013). Combined 

with data on daycare showing attendance of 2 year olds at 80% of that of 3 year olds [266], 

we therefore simplify to an assumption of universal childcare attendance by 2-4 year olds, 

and non-attendance by 0-1 year olds.  (These population datasets [263, 266] do include 

robust figures for the size of different types of formal childcare settings, however the data is 

for the setting as a whole - not for the room, which the proximity required under the 

transmission opportunity definition – so these datasets cannot be directly used for 

parameterisation.)      

We therefore perform the MVD and degree distribution fitting, stratified by the age-groups 

identified above, using data excluding childcare contacts and (given the only child model 

assumption) sibling contacts. Similarly to the adult data, we fit candidate distributions to the 

(non-childcare) observed stratified distributions, using the same set of candidate distributions 

and fitting methodology (parameterise using maximum likelihood estimation and compare fit 

using AIC).  We also determine an appropriate distribution to model the number of room 

contacts (for age 2-4 years only), with a different set of candidate parameterisations based 

on visual inspection of the data.     

5.2.1.4. Decision mathematical representation 

In the decision model, binary vaccination opinions (support adherence or not) are initially 

randomly allocated to each vertex, before being acted upon by an information-sharing 

process.  We assume this information (the opinion status of each adjacent vertex) is collated 

and the opinion status updated according to a decision algorithm based upon this evidence.  

As in the previous modelling (Chapter 3) the mathematical representation of this algorithm is 
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the probability that the opinion status of the vertex changes and is assumed to be a function 

of either the proportion of all adjacent vertices which have the opposing opinion status to the 

vertex (‘fraction’  ) or the count of adjacent vertices which have the opposing opinion status 

(‘count’ 𝑐).  We represent the two states by A and H (adhere and non-adhere, i.e. “hesitate”, 

respectively).  Hence,  𝐴 is the fraction of adjacent vertices with state A; and similarly for  𝐻, 

𝑐𝐴 and 𝑐𝐻.  

We first visually investigate the observed state of nodes which have been categorised by 

‘quantity’ of alters with a specified state.  We consider node categorisation by the ‘fraction’ 

and by the ‘count’ measures of its alters.  In addition to separate analysis of A and H states, 

we combine both analyses – defining each node within each ‘quantity’ category as having 

the “Same” (or opposing) state as that which resulted in that node having been allocated to 

that category (each node providing two values, one from its categorisation under each state).     

Then using the same categorisations by ‘quantity’ of alters, we fit response function 

parameters for the observed marginal proportions of the opinion state.  As an unknown 

variable we also allow       to vary in finding the best fit.   

In order to estimate the format of ‘response to evidence’ function – here denoted as r ( ) – 

and any associated parameters, we assume the data is the collation of results from identical, 

independent decisions for each (ego) node, with the ego’s initial opinion having been 

randomly allocated via a Bernoulli trial with a probability       of an “Adhere” opinion.  The 

distributions of alters and their opinion states are taken from the data.  We apply the 

candidate function to each (ego) vertex to obtain the distribution of final opinion state. 

An “Adhere” state ego vertex in the observed data arises from either an initial state A 

experiencing ‘no change’ on applying the response function or an initial state H experiencing 

‘change’ on applying the response function (and conversely for a Hesitate state ego vertex).    

The candidate responses functions used are those in the previous modelling with summary 

recap in Table 5-1) and an identical response function is used for both decision directions, 

as data are insufficient to permit robust separate analysis by direction.  Hence, the 

proportion of vertices expected to have an adhere opinion after a decision is given by 

Equation 5-3a(i) for a fraction-based algorithm (acting on {fA, fH } for each vertex), and 

Equation 5-3a(ii) for count-based algorithms (acting on {cA, cH }).  Expressions for the 

proportion of vertices we expect to observe with a Hesitate opinion state are similarly 

derived.   

For the marginal distributions, we prefer an expression with a single alters-based variable 

(as in the response function itself).  For ‘fraction’-based algorithm we can simplify to obtain 
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the observed Adhere proportion as a function of fA (fraction of adjacent vertices with state A) 

(Equation 5-3b(i) ).   We note that, unlike the pairings {fA, fH } which are uniquely determined 

as        1 for each vertex, a given value of cA may be paired with multiple values of cH 

(dependent of the vertex degree, k ).   Hence the degree of the vertex is present in the 

equivalent expression for ‘count’-based algorithm (Equation 5-3b(ii) ), so we sum across all 

vertex degrees to calculate the Adhere proportion.   

Table 5-1  Summary recap of candidate responses functions 

Algorithm Response function representation 

‘majority rule’ 
 ( )   {

0   0  
1   0  

 

‘fraction’  ( )     

‘threshold’ (parameter  )  (𝑐)   {
0 𝑐   
1 𝑐   

 

‘count’ (parameter  )  (𝑐)         

 

Equation 5-3  Expected proportion of post-decision ‘Adhere’ vertices 

a] Proportion of vertices with observed (post-decision) state A 

 (i) fraction-based algorithm for vertices with alters’ states {     } 

       [1   (  )]  (1       )  (  ) 

 (ii) count-based algorithm for vertices with alters’ advice {𝑐  𝑐 } 

       [1   (𝑐 )]  (1       )  (𝑐 ) 

b] Proportion of state A (post-decision) in vertices with a given level of ‘adhere’ alters  

 (i) fraction-based algorithm for vertices with alters’ states       

       [1   (1   )]  (1       )  ( )  

 (ii) count-based algorithm for vertices with alters’ advice 𝑐  𝑐 and degree k 

       [1   (  𝑐)]  (1       )  (𝑐)  

5.2.2. Results 

5.2.2.1. Decision model network structure 

We initially explore the stratified data, and calculate estimates for the “solo” and “joint” 

options of treating “couples” vertices’ egocentric network.  From Figure 5-2, the range of 
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plausible MVD values (censoring for nodes with degree zero) is 2.4 - 4.6 for lone parents, 

2.5-3.6 for couples (assuming solo decisions) and 4.2 - 6.4 for couples (assume joint 

decisions). 

Figure 5-2  Information network – MVD estimation 

Mean vertex degree (95% CI) – censored for zero advisors 

 

Key  Format 

No reported 

Advisors n 

 Raw data    

A All responses All 16% 161 

B All responses Paper 12% 118 

 Lone parent estimate    

C Data: respondents with advisors,  

          and partner not reported as advisor 

All - 48 

D Paper - 35 

 Couples estimates - solo     

E Data: respondents with advisors,  

          and partner reported as advisor  

All 20% † 86 

F Paper 10% † 68 

 Couples estimates – joint    

G Estimated net advisors for both partner 

          (“E” and “F” re-weighted) 

All 22% † 86 

H Paper 13% † 68 
 

(Base: all respondents with all advisors categorised by relationship 

 

† zero degree nodes are formed as the partner is excluded from advisor count (as not 

external to the decision-making unit). 
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There little evidence to reject null hypotheses that the location of, and that the shape of, the 

distributions of advisor numbers is different for the lone parent and solo (unweighted) 

couples types (Mann Whitney, U=1357, p=0.24; Kolmogorov-Smirnov, D=0.582, p=0.88 

respectively; paper responses, n=103).   

Hence, although there is the suggestion that sample bias maybe possible, under this 

definition for couples’ decision-making such a bias will have little effect on the network 

structure parameterisation and so there would be little need to stratify the sample in degree 

distribution fitting below (and the model-building, §5.3). Conversely under the joint 

discussion assumption for couples, we retain separate distributions for lone parents and 

couples. 

Fitted candidate degree distributions are shown in Figure 5-3, fitted to unstratified data 

(under the “solo” assumption, this is used for both lone parent and couple), and data for 

each of the lone parent and couple (joint) assumption. The small world and scale free 

distributions are the poorest degree distributions fits of those considered, as judged by the 

AIC. The data are best fitted by a lognormal or negative binomial distribution, with the 

lognormal marginally better; this is the case for all datasets.  Parameter values for the best fit 

lognormal fits, for the datasets still under consideration are in Table 5-2 
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Figure 5-3  Best fits for information network candidate degree distributions 

compared with normalised observations of information network survey data 

a] all respondents (unstratified data) 

 
 

b] lone parent estimate 

 
 

c] couples estimate : assuming joint decision, weighted data 

 

Legend for all sub-plots:     
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5.2.2.2. Infection model network structure 

Firstly we consider the non-childcare contacts, stratified by age (excluding sibling contacts).  

The MVD values, stratified by age and censored for zero non-childcare contacts, are 12.2 

(95% CI 8.3-16.0) and 15.1 (95% CI 12.3-17.9) for 0-1 and 2-4 years old respectively (Figure 

5-4).  For model parameterisation, the former are assumed to not attend formal childcare 

whilst all of the older group do.  However there is little evidence that the distributions of their 

contacts (under 5’s) outside of the childcare setting are different, neither in terms of location 

measure (Mann Whitney, U= 3534, p=0.71) nor shape (Kolmogorov-Smirnov, D=0.761, 

p=0.61).   

Figure 5-4  Potential infection network – MVD estimation (excluding childcare) 

Mean vertex degree (95% CI) – contacts not met at childcare nor siblings 

 

 

 

Age 0-4 years 0-1 years 2-4 years   

No non-childcare 

contacts 

25% 16% 29%   

N 188 55 133   
 

Base: all children with non-sibling contacts 
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Hence we propose a single fitting for the non-childcare contacts distribution data (see Figure 

5-5a).  The degree distributions generated by the network generation algorithms 

(Erdős-Rényi, Watts-Strogatz, Barabási-Albert) offer poorer fits than the other distributions 

considered,  that in turn each perform similarly well on the unstratified zero-censored data 

(using AIC values).  If we relax the zero-contact censorship for these remaining distributions 

(flooring values to provide support on [0, ) for the lognormal) the negative binomial provides 

the best fit (see Figure 5-5b) and so is our preferred mathematical representation for this 

distribution.   Fitted values for the parameters are given in Table 5-2. 

Figure 5-5  Best fits for infection network candidate degree distributions 

compared with normalised observations of the non-childcare (non-sibling) contacts survey data 

a] all respondents (unstratified data) censored for zero non-childcare contacts 

 

b] all respondents (unstratified data) 

 

Base: all children with non-sibling contacts 
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Initial visual inspection of the room-mate data suggests we analyse that binned data, centred 

on multiples of 5 (Figure 5-6a).  The distribution of childcare room contacts is subject to 

length sampling bias.  Hence we adjust the observed frequency by the room-size to estimate 

the frequency density of room size (attendees) within the population of childcare settings 

(Figure 5-6b). We fit to the estimated distribution of room sizes for children aged 2-4 years. 

Figure 5-6  Childcare room contacts’ distribution 

a] Room-size as reported by child  

  

 

b] Estimated distribution of room sizes  

  
 

Base: all children attending centre (n=180) 

 

Parameter parsimony indicates that approximation my a discrete uniform distribution on 

{10, 15, 20} is appropriate, and this also outperforms re-scaled geometric and poisson 

distributions (both latter distributions acting on the domain {2, 3, 4,...} which is then mapped 

to {10, 15, 20 …}).  

The best fit distributions (with corresponding parameter values) for all elements of the 

network degree distributions fitting are shown in Table 5-2. 
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Table 5-2  Network structure: best fit degree distributions and parameters 

a] Information network:  

for each of the alternative assumptions for the couple vertices  

Lognormal distribution Fitted parameter values 

   mean s.d. 

Assuming “solo” network degree for couples:  

apply same distribution to all vertices 

3.22 1.94 

Assuming “joint” network degree for couples:   

lone and couple vertex types draw from separate degree distributions 

 Lone parent estimate 2.88 2.09 
} 

 Joint decision couple estimate 4.35 2.08 

b] Potential infection network:  

for both elements of the overall degree distribution 

 Fitted parameter values 

Non-childcare contacts Size Prob (mean) 

 Negative binomial distribution 0.48 0.04 10.60 

Childcare room-mates 

 Uniform discrete distribution Uniform {10, 15, 20} 
 

 

5.2.2.3. Decision model response function 

From the visual inspection of the observed state vs the quantity of alters with that same state 

we identify that there are some vertices which preclude fitting by MLE with response 

functions that pass through the origin (see Appendix). It is possible to adjust model 

assumptions or response functions to incorporate this (e.g. inclusion of a constant term in 

the response function, which would correspond to state changes independent of the 

evidence from alters). Though such changes would enable fitting by MLE, in the interests of 

parameter and assumption parsimony and given the available data, we do not do so here; 

we fit using least squares. 

The candidate functions and initial random state allocation are fitted to the distributions of 

observed states, for vertices categorised by alters in states A and H (simultaneously and, for 

count-based algorithms, for each alters’ categorisation separately).  The best fit values, 

based on simultaneous fitting of both sets of marginal proportions, are shown in Figure 5-7. 
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The fraction-based response functions are poorer fits than the count-based algorithms.  We 

note that the fit of the “majority rules’’ function is improved if, instead of a strict majority 

triggering change (critical value   = 0.50), the critical value is treated as a parameter to be 

fitted – using a value in [0.75-0.79] produces the best fit for this function format.  The “count” 

response function has a better fit than “threshold” when both marginal distributions are 

considered simultaneously.  The fitted parameters give the following best fit count-based 

response functions: 

“count” algorithm:  (𝑐)              with       0     † 

“threshold” algorithm:  (𝑐)   {
0 𝑐   
1 𝑐   

 with       0     †  

† c.f. Adhere proportion in nodes without alters = 0.867   

However, the sample support across the range of the variable 𝑐 is better for the count of 

‘Adhere’ alters (𝑐 ) than that of the ‘Hesitate’ alters (𝑐 ), and specifically the value for   

𝑐  = 6, is based on a single datapoint.  These raise concerns about the robustness of the fit: 

the former regarding the appropriateness of a simultaneous fitting (𝑐  and 𝑐 ) across the full 

range of count values, and the latter outlier may exert undue influence.   We note that the 

simultaneously-fitted “threshold” function is a better fit to the 𝑐  marginal distribution that that 

for the “count” function, and remains the better fit if we instead fit solely for the 𝑐  

categorised data.  Removing the outlier datapoint (with 𝑐  = 6) causes the “count” response 

function fit to collapse to a trivial invariant function (e.g.       1 or   0), whereas the 

“threshold” function maintains integrity.  Furthermore, the ‘threshold’ parameter is constant 

across both marginal fits and the overall fit (with and without the outlier datapoint).  

Hence we prefer the “threshold’ response function, as the more robust fit to the data. 

 



 
1
6
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Figure 5-7  Best fits for response function (expected outcome vs observations) 

a] “Count” response function b] “Threshold” response function c] fraction-based response functions 
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5.3. Model building 

5.3.1. Methods 

We build the decision process element of the model following the structure of the previous 

work, the full set of sequential steps shown in Figure 5-8 (with those of the decision model 

abridged, the key differences in the decision model element are the restriction of both the 

network structure options and decision algorithm option, based on the parameter fitting 

above).  

Stage 1: Decision Model (abridged) 

We use an algorithm to construct network edges according to a specified degree distribution 

[288, 289] and use the lognormal distribution identified as appropriate, with two parameters 

(mean μ and standard deviation σ).  Without further data to inform the “net” neighbourhood 

of a couple, we explore sensitivity between using the single ego type unweighted data (a 

lognormal distribution) and the weighted data (combining the separately fitted distributions 

according to the proportion of lone parents, 𝑙).  From the initial modelling we retain 𝑁 =4000, 

and the reporting of the final supporters proportion and intradyad agreement (IDA) as 

measureable outcomes of this process. 

Stage 2: Infection model - building the network 

We determine edges in the infection model network in two steps – complete subgraphs 

representing the dense networks within childcare rooms (proportion 𝑑 of all vertices 

included) overlaid with a second degree distribution applied to all vertices.  From the 

parameter fitting in the first part of this chapter, we assume uniform distribution of rooms by 

size ( ∊ {10, 15, 20} ) within the total required room capacity (Σ 𝑠𝑖=𝑑𝑁) and allocate the other 

set of edges specifying the fitted negative binomial degree distribution.  We note that the 

degree distribution based network generation algorithm [289] has a non-random  ordering of 

vertex degree, so prior to its application, we apply a shuffle to the vertex identifiers (using 

Fisher-Yates Knuth algorithm [290]) to prevent artefacts relating this degree value and 

membership of the same “room” subgraph.  Additionally we adjust the standard algorithm to 

avoid doubling edges inherited from the “room” subgraphs.   
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 Figure 5-8  Model stages for one simulation 

Stage 1: Decision Model (abridged) 

 Network building: as in the previous work, except using algorithm to constructs 

edges according a lognormal degree distribution(s) 

 Allocating initial opinions: as in previous work 

 Decision making: as in previous work, using the “threshold” function only 

 

Stage 2: Infection model - building the network 

 𝑁 vertices, proportion 𝑑 vertices have indicator “attend” 

 Set up a set of “rooms” 𝑅𝑖 , with size 𝑠𝑖, with total size Σ 𝑠𝑖=𝑑𝑁  

 Randomly allocate each “attend” vertex to room, and then create the complete 

subgraphs (regular graph with degree 𝑠𝑖-1) for vertices each room  

 For all 𝑁 vertices: build a network with negative binomial degree distribution 

identified (avoiding duplicating existing edges from the “room” subgraphs)  

 

Stage 3: Infection model - applying vaccination and simulating infections 

 Map each vertex to a decision model vertex 

 Rewire edges to tune the proportion of “overlapping edges” (as required) 

 Set the initial infection status (vaccinated or susceptible) according to the 

opinion of the mapped decision model vertex  

 Run a standard SEIRV model on the ‘potential infection’ network, with index 

infection in a  randomly selected unvaccinated  vertex 
 

 

Stage 3: Infection model – applying vaccination and simulating infections 

We put vertices in the two networks in a one-to-one correspondence – representing a child 

and their parent(s) - and the vaccination opinion arising from the decision model initialises 

the infection state variable in the infection model (as vaccinated or susceptible).  We report 

the IDA of this initial binary state – calculated for the edges of the infection model network – 

as a measure of the clustering of susceptible individuals. 

The infection dynamics model uses a stochastic SEIRV compartmental model – including a 

‘Vaccinated’ status compartment within a standard epidemiological SEIR (Susceptible, 

Exposed, Infectious, Recovered) model [34] which acts across the edges of the child 
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network.  The transitions between states are handled using the Gillespie algorithm and use 

measles natural history parameters [28].  We assume vaccination provides perfect protection 

(although outbreak reports indicate cases are seen in those with a history of vaccination [53, 

174, 175] ).  A single index infection is introduced and the model runs until all infected 

individuals have recovered (i.e. any outbreak has run its full course).   The proportion of 

simulations resulting in any secondary infections and the number of secondary infections is 

reported, as a measure of the outbreak risk within the partially-vaccinated network. 

We consider the overlap of edges (pairs of parent and child who both joined by edges in 

their respective network), prior to the “vaccination”.  We have been unable to find an 

algorithm to enable specification of proportion of overlap edges between these two networks 

with different structures (MVD and degree distribution).  Hence we use a pragmatic 

approach – firstly measuring the overlap proportions “naturally” observed in the simulations.  

To explore a wider set overlap variables, we identify sets of vertices that may be rewired to 

increase (or decrease) the numbers of overlapping edges whilst holding the degree of the 

vertices constant: for example, if vertices {u,v} are joined by a non-overlapping edge, we 

identify an edge between a second pair {x,y}, such that {u,x} is an overlapping edge, and for 

which {x,y} and {v,y} share overlap status, see Figure 5-9. 

Figure 5-9  Example rewiring to tune the overlap between networks  

Initial wiring configuration Rewired configuration 

  

The red and blue colours represent the binary categorisation of overlap, as determined by 

the pattern of corresponding edges in the other linked network.  This rewiring increases 

the blue category and reduces the red category (only the rewired edges are shown here, 

with vertices selected to avoid double edges and self-loops). 
 

. 

A list of model parameters is given in Table 5-3 (values taken from the parameter fitting or 

otherwise stated in the model description).  It is noted that we do not include a specific value 

for the rate of transmission events.  Initial exploratory work has been conducted using a 

generic value, of the order as seen in the models most closely related to this one [168-170]. 

However having collected, and otherwise sourced, data specific to the MMR and measles in 
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the UK for all other parameters, it is preferred to conduct the full analysis with the inclusion 

of a more specific value for this parameter also, ideally calibrating the model vs empirical 

observations .   

Table 5-3  List of model parameters 

Decision model 

Symbol Description Value  

 𝑖𝑛𝑖𝑡 Initial proportion of vaccine support 0.9 ♣ 

α Threshold response function parameter  4 ♦ 

degree distribution – if couples network unweighted: 

μ Mean of lognormal distribution 3.22 ♦ 

σ SD of lognormal distribution 1.94 ♦ 

degree distribution (lognormal) – if couples network weighted: 

μL Mean of lognormal distribution 2.88 ♦ 

σL SD of lognormal distribution 2.09 ♦ 

μC Mean of lognormal distribution 4.35 ♦ 

σC SD of lognormal distribution 2.08 ♦ 

𝑙 Proportion of lone parent vertices  0.80 ♥ 

Network overlap 

Symbol Description Value 

  𝑑𝑢𝑙𝑡 Proportion of adult-adult edges with overlap  See text 

 𝑐h𝑖𝑙𝑑 Proportion of child-child edges with overlap See text 

Infection model 

Symbol Description Value 

𝑠𝑖 Number of vertices in the subgraph for “room” 𝑅𝑖 {10,15,20} ♦ 

𝘸  Size parameter of negative binomial distribution 0.48 ♦ 

𝑝 Probability parameter of negative binomial distribution 0.04 ♦ 

βSE Rate of transmission event (S→E) (per day) See text 

βSE Rate of progression event (E→I) (per day) 1/ δE  

βSE Rate of recovery event (I→R) (per day) 1/ δI  

δE Duration of Exposed state (days) 10 ♠ 

δI Duration of Infected state (days) 7 ♠ 
 

♣ estimate from recent trends in COVER data [42] 

♦ fitted from survey data 

♥ mid point of range 75% - 85% [287]-[213] 

♠ PHE green book [28] 
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5.3.2. Results 

We run the decision model under both possible assumptions for estimating neighbourhood 

of ‘couple’ type vertices: unstratified degree distribution for all vertices in the information 

network (assumes ‘solo’ decision network couples) and two stratified degree distributions 

(assumes ‘joint’ decision network couples).  In all cases for each scenario we report results 

for simulations with 50 network building processes each with 100 decision processes applied 

(50000 simulations per scenario) extracted from the full model.  The parameters values are 

as specified in Table 5-3.  For detailed definitions of the three outcome measures used refer 

to the initial model (Chapter 3), but in summary we use a measure of proposed vaccine 

uptake (% vertices supporting vaccination) and two measures of opinion clustering – 

intradyad agreement (IDA) (proportion of all edges whose vertices have the same opinion 

stat) and IDA index (as IDA is a function of proportion of supporting vertices, we index the 

IDA against that expected at the final support levels, simulation-by-simulation).  In a scenario 

where the decision process does not alter the population level measure, we would expect to 

see values of 90%, 82% and 100 respectively. 

The decision model showed that the decision process increased both the level of support for 

vaccination and the clustering of opinions, with the clustering increase in excess of that 

which would be expected for the (post decision) higher support levels in the population 

(Figure 5-10)  This result is independent of the use of stratified or unstratified degree 

distributions. 
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Figure 5-10  Summary of post decision process outcomes: vaccine-support 
(%), intradyad agreement and the index of intradyad agreement vs expected 

a] unstratified population (one lognormal degree distribution for all vertices) 

 
 

b] stratified populations (separate log normal degree distributions, weighted data for 

couples) 

 

 

These results were also qualitatively robust under all explored perturbations to the 

parameter values in the degree distribution to build the network structure.  Sensitivity was 

explored for the “mean” parameter within the set of value containing the fitted value and the 

whole of the 95% confidence interval (Figure 5-2) of the observed mean of the survey data. 

We explore this for unstratified distribution (Figure 5-11) and stratified distribution (Figure 

5-12) and find the qualitative results are invariant.  Additionally in the stratified scenario, 

varying the proportion of lone parents (within the ranges indicated by the birth and census 

data in §5.2.1.2) dos not alter the qualitative results (Figure 5-13).   
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Figure 5-11  Summary of post decision process outcomes – unstratified 
population, sensitivity to MVD parameter 
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Figure 5-12  Summary of post decision process outcomes – stratified data, 
sensitivity to MVD in both degree distributions 

a[vaccine-support (%) 

 
 

b] intradyad agreement 

 

c] index of intradyad agreement vs that expected 
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Figure 5-13 Summary of post decision process outcomes – stratified data, 
under varying proportions of lone and couple parents 

 

 
 

 

As an additional indication of the strength of these findings we substitute the “second best 

fitting” adult degree distribution formulation (negative binomial – using the fitted ‘size’ and 

‘prob’ parameter values from §5.2.2.1) in the network building, and the “second best fitting” 

response function (count, using fitted value for β) in the decision rep representation.  The 

qualitative results for all three measures are unaffected under a change of degree 

distribution, and the clustering measures are also increased under the change of response 

function, albeit the increase is cover is not observed (Figure 5-14)  
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Figure 5-14  Summary of post decision-making outcomes – stratified data, 
under the “second best fitting” candidates for network structure and for 
decision algorithm  

a] “second best fitting” for network structure 

using a negative binomial distribution for the network degree distribution 

 
 

b] “second best fitting” for decision algorithm 

using a ‘count’ algorithm as the response function in the decision-making simulation 
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5.4. Discussion 

Parameter fitting 

Unlike the previously published vaccination decision mathematical models identified in 

Chapter 1 [166-170], we have identified the decision algorithm format and the network 

structure across which it acts from parameter fitting of empirical data.  We have also fitted 

the network structure for the coupled infection network, unlike the highlighted study with 

separate information and infection networks [168] they have not been restricted to a shared 

structure but is also determined by fitting from empirical data.       

The response function in the decision modelling that best fits the observed pattern of 

schedule adherence in the survey data uses the “threshold” decision algorithm, which is a 

function of the count of adjacent vertices (with the opposing opinion state). This implies the 

type of complex contagion in this scenario is “uncontested” [119], with the decision 

depending on the numbers of alters presenting advice to change one’s mind (and is 

independent of the amount of advice received to not change opinion).  We note that the 

“count” function (the investigated function with next best goodness-of-fit) also represents 

uncontested contagion, and both fraction-based response functions offered poor fits, 

suggesting that the type of complex contagion is a stronger factor in the fitting than the exact 

choice of function form.   

The lognormal and negative binomial distributions, which are best fits to the observed 

networks’ degree distribution data (information and potential infection networks respectively), 

both have precedents in the all-age social contact datasets referred to in Chapter 4.  

Danon et al [235] found the BSCS data was well fitted with a lognormal in the body and 

power law in the tail when their grouped contact response were included, and a negative 

binomial when only individually listed contacts were considered, and POLYMOD data was 

fitted by a negative binomial [234].    Hence the distribution for the Information network is not 

unlike those previous observed for social contact networks, despite the different nature of 

the connection represented (physical proximity is not a necessary for information transfer).    

The distribution fittings are based on degree distribution, other structural characteristics such 

as transitivity or shortest path length have not been considered, although the nature of these 

structures can influence behaviour of dynamical systems operating on the networks.  To 

include other structure characteristics to discriminate between candidate network 

representations requires more information than that available from ego-centric data.  That 

said, through fitting to subsets of the child contact datasets we are able to retain an 
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observed feature of the potential infection network (fully connected subgraphs in the child 

network) which a random allocation of edges within a relatively sparse network would not 

consistently reproduce.   

Model 

We demonstrate that a measles vaccination decision process, represented by an empirically 

informed response function, across an information-sharing network, with structural 

parameters also fitted to empirical observations, can create qualitative changes in both the 

population levels of vaccine support and the amount of opinion clustering in the population. , 

which originally had randomly allocated opinions (and support proportion at 5% below the 

WHO MMR target uptake [33] ).  This result is robust across a plausible range of network 

structure parameterisations.   Furthermore, not only are all elements of the model 

parameterised based on empirical observations, but the structure and decision dynamic 

choices are made from single-source data. 

Our previous modelling (Chapter 3) examined the fitted decision function (“threshold” with 

α=4) but the distribution identified for the information network (lognormal) was not one 

examined.  We note that at MVD close to the mean value for the fitted degree distributions 

(3.32 or 2.88-4.35 for the range of assumptions on the couple’s egocentric decision network) 

we found increases in coverage, post-decision, for all examined network structures, as is 

also the case for the empirically fitted network.  However there was no agreement on the 

qualitative behaviour of the opinion clustering measures (IDA and IDA index), with both 

increases and decreased observed.  The empirically fitted network produces clustering 

measures qualitatively similar to those found for the small world network type. The is also an 

indication that the cluster-increasing effect(as measured by IDA index) is stronger on the 

empirically informed network, although direct comparison with the previous work is not 

possible due to different values of MVD.   

Hence for empirically-informed values for mean of advisors and decision function the 

outcome of the modelled process is sensitive to network structure assumptions.  Despite the 

lognormal’s “long tail” the both vaccine support and cluster measure dynamics are opposite 

to those seen on the power law Barabási-Albert network, nor do we see the type of 

dynamics reported for the networks generated by the Erdős-Rényi algorithm.  Indeed the 

closest comparison is with the Watts-Strogatz network, which had the poorest fit with the 

observed information network degree distribution of the 8 candidates examined in the 

parameter fitting process.  This observation further supports the original decision to explore 
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the sensitivity to network assumptions and use empirical data to inform the model 

parameters. 

The increased support for vaccination would be expected to decrease the risk of outbreaks 

in a population vaccinated in the same pattern.  However the clustering effect (especially as 

higher than expected for the level of vaccine support) would be expected to increase the 

outbreaks.  These contradicting naïve inferences from the measured results, bolster the 

research decision to not proceed with the infection stage of the full model using an arbitrary 

transmission – it is likely that the final outcome in terms of infection outbreaks will be 

sensitive to this value.    

In the fitting process, two areas were identified where assumptions were made in the 

absence of sufficient data.  Firstly, data were unavailable on the combined sources that a 

co-parenting couple draw upon to make a joint decision.  However sensitivity analysis of the 

decision model outcomes indicates that this does not need to be a priority in further data 

collection, as the results were qualitatively invariant to plausible adjustments to size of the 

couples network neighbourhood.  Although we caution that we do not yet know how the 

quantitative differences might affect the impact of the opinion clusters in the infection part of 

the model.      

The second area where the data were insufficient for a confident interpretation was the 

choice of response function.  The ability of the decision process to change population level 

support is sensitive to the choice made in the parameter fitting stage (between “threshold” 

and “count” algorithms), but the ability to increase clustering is not.  Hence under the 

alternative functional form for decision algorithm the inferred opportunity for this pattern of 

opinions to affect outbreak risk remains, albeit less so than under the threshold algorithm. 

The collection of more data to revisit the response function formulation remains desirable. 

The sample sizes (especially of alters proposing non-adherence to the routine vaccination) 

were smaller for the higher numbers within the ego’s neighbourhood – and it is at these 

values that one might expect their influence to be felt most strongly.  The fits are obtained 

primarily from low-integer ‘opposition counts’, and we have assumed a monotonic 

relationship which continues across the higher-valued ‘opposition counts’.  Data collection 

that purposively oversamples the vaccine-hesitant advisors would be necessary to provide 

suitable samples for the higher values of local anti-vaccination sentiment, based on current 

population levels of vaccination support.  Furthermore these data may be able to inform a 

two-way response function, dependent on the initial state, and also address the issue of 

“spontaneous” decisions raised above (§5.2.1.4) in the context of outliers at zero-opposing 

alters,. 
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Within the decision model we have assumed a random distribution of initial opinions, further 

work to explore the affect that pre-existing homophily has on the ability of the modelled 

decision process to alter opinion clustering would be valuable.  We similarly note the 

inherent assumptions about binary decision states and static networks.  The data could be 

used to generate a 3 category ordinal scale of vaccine support corresponding to the 3-way 

categorisation used in part of Chapter 4 (non-adhere splits to “delay” and “refuse”), but the 

sample sizes would be insufficient to support the parameter fitting exercise. 

However, the natural priority for further work relating to the full model, is to determine an 

empirically-valid value for the transmission parameter to investigate the predicted outbreak 

risk.   
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6. Concluding remarks 

This thesis has explored the subject of information-sharing on social networks and its 

potential influence on participation in routine child vaccinations using a range of techniques: 

synthesis of published studies (quantitative and qualitative), statistical analysis of existing 

data (both published and unpublished), mathematical models (simulating the dynamics of 

two processes: transmission of information and of infection), and collection of empirical data 

(to our knowledge, the largest survey of UK preschool social contacts).  

These combine to both confirm some proposed aspects within our hypothesis and its 

framework – such as the variation in MMR 1 uptake on a small spatial scale within the 

community (Chapter 2) – and to address areas where relevant empirical data was lacking in 

the literature – such as the networks of both information-sharing parents and of preschool 

children in required physical proximity for measles transmission (Chapter 4) - and the final 

decision model (Chapter 5) provides some parametrically robust results directly on the 

hypothesised effect on vaccination options, notably the increase in the clustering measure. 

This evidence of vaccine-related status clustering, is consistent with other studies which 

have observed assortative mixing on networks, by vaccine-related categorisation: message 

network of twitter users’ opinions on the introduction of pandemic influenza (H1 N1) vaccine 

[255], advice network of households in India on polio vaccine hesitancy [291], close contact 

network of USA school students by seasonal influenza vaccination.[292]. We are aware of 

only one other dataset regarding parents opinions on their child’s vaccination – from the 

USA [271] -  but to our knowledge there are no other investigations with linked data from 

both parent and child networks, nor from other voluntary childhood vaccination contexts. 

However the results of the initial work with the final mathematical model are not clear-cut in 

terms of clustering of vaccination status (in children), moderated as that is by the overlap 

between the two networks (a non-trivial question given they differ in degree distribution 

function and MVD). Assuming the increased opinion-clustering is sufficiently large or 

well-patterned – in some way, as yet not understood - to be transferred into the child contact 

network, there is the aspect of the contradictory effects on infection dynamics of increases 

vaccine support and increased clustering of susceptible individuals.   There remains the 

opportunity to continue the exploration of the current model construct and to revisit some 

assumptions and increase the validation with empirical data, and other opportunities to 

extend the existing work have been identified at each stage.  
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The strengths, weaknesses and implications of the individual elements of the work have 

been discussed throughout the thesis.  Here we comment on the overall combined strengths 

and weakness and implications. 

The multifaceted nature of the approach to the hypothesis strengthens the phenomenon that 

was observed in each of the arms of the hypothesis explorations included in these research 

programme: that of “small scale” clustering (albeit with differing concepts of “small scales” 

and measuring this phenomenon in one or both populations of interest). 

Each of the three main techniques employed to address the overall hypothesis has strengths 

and weakness, but in some aspects these are balanced out across the piece.  For example, 

we have analysed two datasets of parents and their children’s MMR status: in Chapters 2 

and 4. The data used in Chapter 2 are subject to ecological bias, but have the advantage of 

low sampling, coverage and recall biases through use of, mainly, census data and uptake 

values ultimately sourced from GP records; by contrast the data collected and analysed in 

Chapter 4 is a sample (with inherent challenges faced to minimise sampling and coverage 

biases), and used a recalled measure of vaccine status, but with values for individuals hence 

without ecological bias.   

Some weaknesses remain despite investigation with different tools, for example the 

intra-dyad agreement in the survey (Chapter 4) and mathematical modelling (Chapters 3 and 

5).  The survey measurement includes inferred opinion status which is determined by 

inferences from recalled behaviour (of the vaccination advice received from alter, and 

presenting one’s own child for vaccination) both indirect measurements subject to recall 

bias, and the model is a model - designed to investigate the dynamics of a particular 

theoretical system. It shows the possibility seeing such intra-dyad agreements, but it cannot 

compensate directly for the biases in the data collection.  Vice versa, the survey 

observations cannot attribute causality to the theorised dynamic, in this regard they are 

solely evidence that does not contradict the model’s predictions.    

What does the combined evidence to support the hypothesis (that peer-to-peer information 

sharing influences the clustering of opinions) mean in terms of interventions?  Two key initial 

points: we have investigated the medium through which the information is transmitted, much 

of the intervention work focuses on effective messages to transmit.  Beyond comments 

made previously (Chapter 2) about education levels and communication style, this work is 

not well suited to contribute to the discussion on the content communicated and its 

presentation. Secondly, we do not have clear evidence how the information process – if 

indeed it actually does contribute to opinion-clustering – affects outbreaks of the 

vaccine-preventable disease.  The final stages of the model in Chapter 5 have not been 
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simulated with realistic infection transmission parameters and the theoretical increase in 

cover resulting from the decision process is expected to act to protect the population, unlike 

a rise in clustering which is expected to increase risk.  Hence, until we do know the final 

theoretical outcome on morbidity of the hypothesised information-sharing process, it may be 

one that we wish to encourage or to discourage, or (in terms of morbidity dynamics) be of 

little interest, affecting patterns of opinion only.  For each of these plausible scenarios 

techniques will be different, with health promotion vs health protection mindsets.   

If it is a process we wish to intervene against, there is an existing body of work on how 

information (primarily, the proximity of cases) can act across networks to amend behaviours 

in attempt to avoid infection (action by actors) [157] and also work to identify key individuals 

in a social network [297] to vaccinate, and so break the chain of infection (or more 

straightforward techniques such as ring vaccination). Are these concepts transferrable to 

controlling the spread sentiment in an information network where network members may be 

less inclined to be proactive/co-operate than with the more concrete effect of disease) and 

do these techniques developed for simple contagion also work in the case of complex 

contagion?  Alternatively we could target a later stage in the opinion-vaccination-infection 

process, for example the as-yet unknown overlap would suggest a weak point based on 

Eames 2009 [168]. 

Or we may find the process – through higher pro-vaccine sentiment - increases population 

protection despite the clustering of opinions.  Should it therefore be actively encouraged? 

However, and in common with the neutral morbidity scenario, what are the long-term 

implications of the remaining clusters of anti-vaccine sentiment?, Perhaps we are already 

seeing an effect whereby this sentiment, as anti-normative, causes those who are hesitant to 

act differently: seeking information not from peers in a local network but from other sources 

(recalling the lower mean advisors for non-adherents in chapter 4 – but the USA study [271]  

has the opposite finding).    

Does the clustering mean that the hesitancy sentiment thus perpetuates, acting as a 

reservoir for the next scare to exploit? Also the research has quantified the role the 

grandparents as advisors for current new parents – does the current cohort carry those 

opinions with them into the future forming a basis for their influence on the process if their 

child becomes a parent?  Also we have only considered the measles outcomes in preschool 

children, might future health concerns may include the other diseases that MMR protects 

against (mumps, rubella)?  The current models and cross-sectional studies are not designed 

to be useful for time periods over which the networks may no longer be regarded as static 

and the at-risk groups no included in the sample base.  
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However extending and adapting the mathematical model to one with cohorts of new parents 

joining and leaving as their child ages could explore these questions of longer-term impact of 

contemporary decisions.  Our measures of opinion are also only binary – a more sensitive 

scale may reveal more subtle dynamics, with borderline adherents potentially making the 

system less resilient to shocks.   

The question of protection against measles via MMR uptake remains topical, and a 

continuing challenge for health protection in the UK: for example, recent mainstream UK 

media reports include both the ongoing large measles outbreak in Italy (and introduction of 

compulsory vaccination [293] ) and also the latest activities of the lead author of the now 

retracted MMR-autism link Lancet paper [294], and during the lifespan of this thesis, the UK 

has experienced the largest measles outbreak since the full introduction of routine MMR 

vaccination, and the national MMR uptake rate has recovered from the trough associated 

with the vaccine scare in the early 2000’s but remains below WHO guidelines.  It is a subject 

of interest to parents trying to make good decisions on behalf of their child and to health 

service professionals working with individuals and the community, and this thesis is 

concerned with those personal decisions and their communal effect.  It is hoped that the 

work presented here contributes some useful data, analysis and insight to the debate.   
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8. Appendices 

8.1. Relating to Chapter 1: General Introduction 

8.1.1.  HPA Q11-1 request parameters 
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HPA [12]  

         2011/2012- 1 REQUEST PARAMETERS FOR COVER DATA:

  EVALUATION QUARTER

  01/04/11 to 30/06/11

The following groups of children are to be included as PCT responsible population for COVER data.

Children for whom the PCT is responsible are:

  - all children registered with a GP whose practice forms part of the PCT, regardless of where the child is resident, plus

  - any children not registered with a GP, who are resident within the PCT's statutory geographical boundary

Note that children resident within the PCT geographical area, but registered with a GP belonging to another PCT, 

are the responsibility of that other PCT.

Request 1: 12 MONTH COHORT

 1. Total number of children for whom the PCT is responsible on 30/06/11 reaching their 1st birthday

     during the above evaluation quarter.

 2. Total number and percentage vaccinated (to one decimal place) included in line 1 

     completing a course* at any time up to their 1st birthday for each of the following: 

Request 2: 24 MONTH COHORT

 3.  Total number of children for whom the PCT is responsible on 30/06/11 reaching their 2nd birthday

     during the above evaluation quarter.

4.   Total number and percentage vaccinated (to one decimal place) included in line 3 completing a course**

    at any time up to their 2nd birthday and also total number and percentage included in line 3 receiving boosters for each of the following:

MenC Hib/MenC** PCV**
infant Booster Booster

Hib Hib/MenC

   *at 12 months completed courses are defined as:   

    MenC and PCV is 2 doses before 1st birthday (PCV can be either PCV7 or PCV13, given in any combination)

   **at 24 months completed courses are defined as:   

    MMR is 1 dose on or after 1st birthday and before 2nd birthday (i.e. excludes MMR given before 1st birthday)

    MenC infant is 2 doses before 1st birthday 

    Hib/MenC booster is either (i) one dose of combined Hib/MenC vaccine on or after 12 months and before 2nd birthday

    PCV booster is one dose on or after 12 months (irrespective of the number of doses before that age) and before 2nd birthday

    DTaP/IPV/Hib is 3 doses before 1st birthday; if child received primary immunisations outside UK then 3 doses of each: DTP or DTaP, IPV or OPV, 

Hib before 1st birthday

    DTaP/IPV/Hib is 3 doses before 2nd birthday; if child received primary immunisations outside UK then 3 doses of each: DTP or DTaP, IPV or OPV 

before 2nd birthday

                                          or (ii) 1 dose of DTaP/IPV/Hib and 1 dose of MenC, both given on or after 1st birthday and before 2nd birthday (i.e. children                   

.                                               completing primary course after 1st birthday)

PCV  DTaP/IPV/Hib

% % %

MMR

%%

DTaP/IPV/Hib

% %%

MenC
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8.2. Relating to Chapter 3: Initial Modelling 

8.2.1. Results for N=400 

Model results for N=400, as comparison with vs N=4000 (with constraint that MVD>𝑙𝑛 (𝑁) 

relaxed) are given in Figure 8-1, Figure 8-2 and Figure 8-3  
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Figure 8-1  Distribution of vaccine-support (%) post decision process – N=400 

Proportion of all network vertices which have of final opinion-status “support”. 

Box-plot of observed values across 10,000 simulations for each combination of network structure 

(network-type and MVD) and (specified) decision algorithm. 
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Figure 8-2  Intra-dyad agreement (%) post decision process – N=400 

Proportion of all network edges which connect vertices of same final opinion-status. 

Box-plot of observed values across 10,000 simulations for each combination of network structure 

(network-type and MVD) and (specified) decision algorithm. 
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Figure 8-3  Intra-dyad agreement post decision making process, observed vs 
expected value – N=400 

Index: expected value = 100, calculated by simulation. 

Box-plot of observed values across 10,000 simulations for each combination of network structure 

(network-type and MVD) and (specified) decision algorithm. 
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8.2.2. Results for count decision-algorithm, sensitivity to β  

Model results for the count decision-algorithm with selected β values from range 

[0.0125, 0.1] are given in Figure 8-4, Figure 8-5 and Figure 8-6. 
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Figure 8-4  Distribution of vaccine-support (%) post decision process – vary β 

Proportion of all network vertices which have of final opinion-status “support”. 

Box-plot of observed values across 10,000 simulations for each combination of network structure 

(network-type and MVD) and the ‘count’ decision-making algorithm with selected β values. 
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Figure 8-5  Intra-dyad agreement (%) post decision process – vary β 

Proportion of all network edges which connect vertices of same final opinion-status. 

Box-plot of observed values across 10,000 simulations for each combination of network structure 

(network-type and MVD) and the ‘count’ decision-making algorithm with selected β values 
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Figure 8-6  Intra-dyad agreement post decision process, observed vs expected 

value – vary β 

Index: expected value = 100, calculated by simulation. 

Box-plot of observed values across 10,000 simulations for each combination of network structure 

(network-type and MVD) and the ‘count’ decision-making algorithm with selected β values 
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8.2.3. Results for threshold decision-algorithm, sensitivity to α 

Model results for the threshold decision-algorithm with selected α values from range [3,6] are 

given in Figure 8-7, Figure 8-8 and Figure 8-9. 
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Figure 8-7  Distribution of vaccine-support (%) post decision-process – vary α 

Proportion of all network vertices which have of final opinion-status “support”. 

Box-plot of observed values across 10,000 simulations for each combination of network structure 

(network-type and MVD) and the ‘threshold’ decision-making algorithm with selected α values. 
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Figure 8-8  Intra-dyad agreement (%) post decision process – vary α 

Proportion of all network edges which connect vertices of same final opinion-status. 

Box-plot of observed values across 10,000 simulations for each combination of network structure 

(network-type and MVD) and the ‘threshold’ decision-making algorithm with selected α values 
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Figure 8-9  Intra-dyad agreement post decision process, observed vs expected 

value – vary α 

Index: expected value = 100, calculated by simulation. 

Box-plot of observed values across 10,000 simulations for each combination of network structure 

(network-type and MVD) and the ‘threshold’ decision-making algorithm with selected α values 
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8.3. Relating to Chapter 4: Survey 

8.3.1. Survey ethical procedures and safeguards 

As the questionnaire is self-completed consent is implicit with the return of a completed 

questionnaire to the researcher.  The childcare setting provided written approval that they 

consented to act as recruitment centre, and to act within the ethical guidelines provided 

(§8.3.2.1).  This approval was gained before the survey materials were supplied by the 

researchers for forwarding to parents.  These materials included the survey’s “Invitation to 

Participate” (§8.3.2.2) and “Participant Information Sheet” (§8.3.2.3), which were also on the 

landing page of the online survey.  Recruitment centres did not provide researchers with any 

contact details for potential participants. 

In order to be able to link the responses from individuals into a connected network, we 

required real names for people’s contacts.  For child contacts, as minors, the questionnaire 

instructions both requested that full names not be supplied and explicitly stated the use that 

was being made of the names (to identify duplicates within the survey responses).  At the 

end of the survey fieldwork period, all links between participants were made before, and the 

records were then anonymised (as names are not required at any later stage in the 

processing) before the remaining analysis was conducted.  All real names were permanently 

removed from the database (and original records destroyed) and there is no coding key (for 

participants or non-participating contacts) that could be used to identify individuals.  (This 

necessitated a time limit after which data from a respondent withdrawing consent can no 

longer be removed from the dataset.)  

The survey was conducted under the regulations specified by the Data Protection Act 1998.  

The questionnaire responses were confidential and all response data was encrypted. 

Encryption of those data obtained electronically was conducted at source.  Paper 

questionnaires were supplied with an envelope that could be used by respondents to send 

directly back to the researchers in confidence.   

Centres using paper questionnaires (paper or mixed presentation) were supplied with a 

ballot-box style collection box to be kept in a place accessed by parents; researchers 

retrieved these boxes, unopened, at the end of fieldwork.  Paper survey packs also included 

an envelope to provide confidentiality of completed questionnaires, as either reassurance 

that the contents of the collection box were not accessible by the centre, or to be used to 

send the response directly back to the researchers in confidence.  Completed paper 

questionnaires were transcribed electronically and the paper versions securely destroyed.   
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Steps have been taken to avoid situations where participants, who happen to be health care 

professionals (HCP), and who give vaccination advice in this role are asked to give details of 

the recipients of this advice and thus potentially compromise patient confidentiality.  If, by 

chance, an HCP wished to participate, they were instructed to consider their replies as they 

relate to the vaccination of their own child and not in their professional capacity (as with all 

participants they are under no obligation to participate and are free to later withdraw 

consent).  Note that the vaccination status of the children of participating parents is 

represented solely by parental recall (if volunteered as a response to a survey questionnaire) 

– this information is not sourced from, nor checked against, personal medical records.  

Also, it was hoped that the existing awareness of a historical scare involving MMR would 

minimise the risk that the act of asking questions would inadvertently raise false suspicions 

amongst participants about MMR or other vaccines. 
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8.3.2. Survey materials 

8.3.2.1. Centre confirmation form  
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8.3.2.2. Invitation to participate 

This was customised with the name of the centre (in place of the dummy details here).  It 

was included in the printed survey pack or as pdf attachment to an email from the centre 

management, as appropriate to the delivery. 
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8.3.2.3. Participant information sheet 

Actual size was double-sided A4, included in the printed survey pack or as pdf attachment to 

email 
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8.3.2.4. Paper questionnaire 
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This was customised with the centre’s name (in place of the dummy details here).  . 
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8.3.2.5. Web questionnaire, example screengrab 

This screengrab shows the MMR question options as used in the pilot. 

In April 2013, this was amended at the same time as the paper questionnaire to categorise 

“Yes” answers by time of vaccination. 

8.3.3. EAL in pre-school households in the shortlisted PCTs 

The National Pupil Database [295] records the use of English as first language by 

schoolchildren as a variable within records of Early Years Foundation Stage Profile 

achievement by local authority.  A statistic derived from this data, as detailed below, is used 

as a proxy for the status of English language (specifically EAL) within the households of pre-

school children. 

It is noted that households with EAL status are not necessarily thus impeded from 

participation in a survey with an English-language questionnaire, but a source of appropriate 

English-language literacy skills has not been identified.  Hence these EAL values are 

regarded as an upper bound on the proportion of potential respondents that may be affected 

by EAL-derived coverage bias, and has been used primarily to firstly identify that this is a 

matter of concern and secondly, to prioritise areas for further investigations. 

The National Pupil Database records have been used to estimate a proportion of children 

assessed at the end of Early Years Foundation Stage (the year the child turns 5-years-old) 

who do not use English as first language. The value of this statistic for the shortlisted PCTs 

is given in Table 8-1 .  The analysis indicates that the shortlisted regions include those 



235 

where the potential for EAL to create coverage and sample bias should be addressed in 

survey recruitment and presentation.   

Table 8-1  EAL in shortlisted PCT 

PCT EAL2  PCT EAL2 

Barking & Dagenham 40%  Haringey Teaching 50% 

Barnet 41%  Hartlepool 3% 

Bexley Care Trust 13%  Havering 9% 

Brent Teaching 64%  Herefordshire 3% 

Bristol 16%  Hounslow 56% 

Bromley 8%  Islington 41% 

Camden 59%  Kensington & Chelsea 54% 

City & Hackney Teaching1 54%  Kingston 30% 

Coventry Teaching 27%  Lambeth 46% 

Croydon 29%  Lewisham 32% 

Dorset 2%  Newham 74% 

Ealing 59%  Nottingham City 24% 

Enfield 45%  Richmond & Twickenham 16% 

Great Yarmouth & Waveney1 5%  Southwark 39% 

Greenwich Teaching 37%  Surrey1 9% 

Hammersmith & Fulham 47%  Wandsworth 40% 

1 English language usage is reported by local authority area; these following PCT 

borders to not match those of the overlapping local authority, hence population 

weighted average of the following local authorities have been used 

- City & Hackney Teaching PCT uses City of London and Hackney 

- Great Yarmouth & Waveney PCT uses Norfolk and Suffolk 

- Surrey PCT uses Surrey 

- Sutton & Merton PCT uses Sutton and Merton 

2 Numerator incudes children whose first language is ‘unknown but believed to be other 

than English’ and the denominator is children (in the year they turn 5 years old) whose 

English language usage status was reported. 

The moving average value is calculated from the population-weighted mean across 

2007-2010, with annual figures excluded where less than 80% of children’s status was 

reported.   

EAL data derived from National Pupil Database [295] Geographic data from Compendium of 

Clinical & Health Indicators Interactive Atlas. [296] 
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Furthermore, given a key objective of the survey is the discovery of the information network 

across which MMR-related information is transmitted, we wish to understand the potential 

effect of EAL-derived bias on the participation by MMR-acceptor and MMR-rejecters.   

Figure 8-10 shows the 2009 annual EAL statistic for the nominated PCTs plotted against the 

reported 2009-10 annual MMR1 uptake. To indicate uncertainty in the EAL statistic due to 

incomplete records, upper and lower bounds where non-respondents are included and 

excluded within this category, respectively, have also been calculated, and 7 of the 

shortlisted PCTs are excluded as less than 80% of children’s EAL status is reported.   

A simple linear regression of MMR1 uptake on EAL statistic found a non-significant result 

(p>0.05), albeit a result which is subject to ecological bias. 

Figure 8-10  EAL vs MMR1 uptake 

EAL data derived from National Pupil Database [295] 

MMR1 uptake from COVER Annual Report [36] 
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8.3.4. Reported MMR uptake for survey sample 

Table 8-2 Stratified MMR uptake for survey sample 

% Vaccinated Current Pre-catch-up “Timely” 
Censoring Children aged under: 14mth 24mth 14mth 24mth 
Total 97.8% 97.8% 92.1% 94.3% 94.1% 

Age of Child 2 year old 100.0% 
** 

88.4% 
* 

95.9% 
(pre-catch-up: age at that 
time) 

3 year old 92.9% 100.0% 88.1% 
4 year old 100.0% 95.0% 97.8% 
 Ordinal of Child 1st 97.5% 97.9% 92.5% 95.8% 94.7% 
2nd 100.0% 100.0% 90.3% 90.0% 92.9% 
3rd or higher 93.3% 91.7% 92.3% 90.9% 91.7% 

Centre PCT Camden PCT 100.0% 100.0% 94.1% 100.0% 92.3% 
Enfield PCT 100.0% 100.0% 95.5% 100.0% 95.2% 
GYW PCT 97.4% 96.7% 90.9% 90.7% 91.7% 
Wandsworth PCT 96.6% 97.6% 91.5% 96.7% 97.6% 

Child Attends Childcare Yes 97.7% 97.7% 92.5% 94.1% 93.9% 
No 100.0% 100.0% 100.0% 100.0% 100.0% 

Age of Respondent 18-24 years 100.0% 100.0% 100.0% 100.0% 100.0% 
25-34 years 98.1% 97.5% 95.5% 93.1% 95.0% 
35-44 years 97.3% 97.6% 90.6% 95.4% 94.1% 
45+ years 100.0% 100.0% 80.0% 80.0% 80.0% 

Ethnicity of Respondent White / White British 98.7% 

* 

99.2% 

** 

93.2% 95.7% 95.1% 
Black / Black British 80.0% 75.0% 80.0% 75.0% 75.0% 
Asian / Asian British 92.3% 87.5% 81.8% 85.7% 87.5% 
Other including Mixed 100.0% 100.0% 100.0% 100.0% 100.0% 

Education of Respondent Postgraduate 97.9% 100.0% 89.5% 100.0% 96.8% 
Graduate 98.8% 98.5% 94.5% 93.8% 95.5% 
A-Level 96.8% 96.2% 92.6% 95.8% 92.3% 
GCSE/None 94.4% 92.3% 85.7% 83.3% 84.6% 

Fisher Exact homogeneity in proportions: * p<0.1** p<0.05 Base: all respondents with informative MMR status 
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8.4. Relating to Chapter 5: Revisiting the MMR1 Decision Model 

8.4.1. Initial visual inspection of decision-process data 

Figure 8-11  Observed opinion status vs alters with same status 

a] fraction measure of ’opposition’

b] count measure of ‘opposition’



239 

8.5. Permissions 

Relating to Figure 2-1 


