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7. ABSTRACT

Healthcare and the healthcare industry have traditionally produced huge amounts of data and information;
patient care necessitates accurate record keeping, records of attendances and often details of the reason for
contact with healthcare and outcomes.” During the past decade, there has been a dramatic shift to digitize
healthcare related information, with a view to both increasing efficiencies in these areas, and to generate
new insights.® These rich, but often unstructured data sources can present both opportunities and
challenges to data scientists and epidemiologists. Syndromic surveillance (SS) is the real-time (or near
real-time) collection, analysis, interpretation, and dissemination of health-related data to enable the early
identification of the impact (or absence of impact) of potential human or veterinary public-health threats
which require effective public-health action.” In England, Public Health England (PHE) coordinates a
suite of national real-time syndromic surveillance systems. Underpinning their operation is the collation,

analysis and interpretation of large-scale datasets (“big data™).

This PhD by Published Works describes work which has evaluated, developed or utilised a number of
these large healthcare datasets for both surveillance and epidemiology of public health events. The thesis is
divided into four themes covering critical aspects of SS. Firstly, developing SS systems using novel data
sources; something which is currently under-reported in the literature. Secondly, using syndromic data
systems for non-infectious disease epidemiology; understanding how these systems can inform public
health insight and action outside of their original remit. Thirdly, determining the utility in identifying
outbreaks which was one of the original envisioned purposes of SS, using gastrointestinal illness (GI) as a
case-study. The final theme is understanding how SS is used in the context of mass gatherings; again, a

key original aspect of syndromic surveillance.

The thesis collates a portfolio of indexed works, all of which use (combined with other data sources) large,
health-related data collated and operated by the PHE Real-Time Syndromic Surveillance Team (ReSST)
and employ a range of different methodologies to translate data into public health action. These include

describing the development of a novel system, observational studies and time series analysis.

Key findings from the papers include; learning how to develop these systems, demonstration of their utility
in non-infectious disease epidemiology, leading to new insights into the socio-demographic distribution
and causes of presentations to healthcare with Allergic Rhinitis, understanding the challenges and
limitations of syndromic surveillance in identifying outbreaks of GI disease and how they can be used

during mass gatherings.

Using diverse methodologies and data as a collective, the papers have led to significant public health
impacts; both in terms of how these systems are used in England currently and how they have influenced

global development of this small but growing speciality.



8. BACKGROUND

8.1 INTRODUCTION AND RESEARCH THEMES OF THIS PHD.

The World Health Organisation define public health surveillance as the continuous,
systematic collection, analysis and interpretation of health related data.'® This can serve as an
early warning system for public health threats, enable monitoring of the impacts of public
health interventions or track progress toward specific goals and support the epidemiology of
public health problems; guiding priority setting, planning and strategy.!® In England, Public
Health England (PHE) is the Government agency responsible for protecting the Nation’s
health and wellbeing, and reducing health inequalities.!! As part of this remit, PHE operates
numerous surveillance systems to support public health intelligence; ranging from enhanced

surveillance of Tuberculosis to non-communicable cancer clusters.'?

To support the overall surveillance strategy, PHE coordinates a suite of national real-time
syndromic surveillance systems. Syndromic surveillance (SS) is the real-time (or near real-
time) collection, analysis, interpretation, and dissemination of health-related data to enable
the early identification of the impact (or absence of impact) of potential human or veterinary
public-health threats which require effective public-health action.” These systems include a
National Health Service (NHS) 111 surveillance system that monitors daily calls made to the
national NHS 111 telephone service, an emergency department (ED) surveillance system that
monitors daily ED attendances '* and general practitioner (GP) surveillance systems that
monitor ‘in-hours’ consultations and ‘out-of-hours’ GP activity across England.'* In addition,
a national ambulance system has recently been launched (the development and evaluation of
the utility of the pilot ambulance surveillance system is described in one of the papers

included in the PhD 2).

Underpinning the operation of these surveillance systems is the collation, analysis and
interpretation of large-scale datasets (“big data”). The surveillance systems are passive; the
data are collected by healthcare service providers for other purposes and transferred to PHE
using passive automated systems. PHE uses these data primarily for routine surveillance
purposes, however there is a spectrum of potential uses and applications in public health; a

role in ‘mass gatherings’ (MG), infectious disease outbreak detection, monitoring changes in
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secular trends of key public health problems, supporting the evaluation of interventions (e.g.
the impact of new vaccines) and using the data to support the epidemiology of non-infectious

diseases.

This PhD by Published Works describes work that has evaluated, developed or utilised a
number of large healthcare datasets for both surveillance and epidemiology of public health
events. The PhD collates a portfolio of first-authored publications all of which use (combined
with other data sources) large, health-related data collated and operated by the PHE ReSST

and employ a range of different methodologies to translate data into public health action.

The work covered in this thesis was conducted in close collaboration with the ReSST, and the
indexed papers and associated research questions were developed to address critical questions
about the abilities of these systems pertinent to their operation in daily public health practice.

These questions make up the four ‘themes’ discussed here.

The themes are illustrated by the indexed papers, and the questions which each theme was

intended to explore are described in Table A.

Table A: The research questions underpinning each Theme in this thesis

Theme One Research Question: How can different data sources be used for the spectrum
of syndromic surveillance purposes, and specifically what additional utility does

ambulance data bring?

The first indexed paper describes the development of a pilot syndromic surveillance system
and identifies lessons learnt using ambulance dispatch data, and specifically aimed to
determine the feasibility and utility of using ambulance dispatch data to complement the
suite of existing national SS systems. This theme explores how different data sources can
be used for the spectrum of SS purposes, and using the indexed paper as a case study,

specifically what additional utility ambulance data brings to SS.

Theme Two Research Question: What is the potential for UK SS systems to provide

insight into non-infectious disease epidemiology?

11



There has been a recent call in the literature for enhanced use of syndromic data to better
understand the relationships between the social determinants of health and non-
communicable disease illness.'> The aim of this theme is to determine the potential of
PHE syndromic systems in providing insight into non-infectious disease epidemiology,
both in terms of descriptive epidemiology and combining with other large scale data
sources through modelling. This is illustrated using two indexed papers and allergic
rhinitis as a case study; the aim of the first was to describe the epidemiology of GP
consultations for allergic rhinitis in the UK, and the second linking syndromic data with
meteorological and environmental data sets using retrospective time series analysis to

determine key predictors of general practitioners’ consultations for allergic rhinitis.

Theme Three Research Question: What is the utility of SS in detection of outbreaks of

infectious Gastrointestinal disease?

Epidemiologists in the ReSST are routinely asked by stakeholders and incident directors if
the suite of SS systems can detect outbreaks of gastrointestinal illness, and a role in
infectious disease cluster identification and tracking has been posited. This theme explores
the utility of SS systems for this purpose, including the use of aberration detection
algorithms and the indexed paper specifically aimed to assess if existing PHE based

systems were able to reliably detect large, sub-national GI outbreaks in the England.

Theme Four Research Question: What is the utility of SS during Mass Gatherings?

Internationally, many SS systems were developed in preparation for mass gathering events,
including an expansion of systems in England in response to the London 2012 Olympic
and Paralympic Games. With the return of the Olympic Games in 2024 to Europe, and
locally the 2022 Commonwealth Games being held in Birmingham, learning from previous
experience is necessary. The indexed paper specifically investigates the impact of a large

mass gathering event as monitored in real time using two SS systems. More broadly for

this PhD, this theme explores the role of SS in Mass Gatherings.

12



8.2 WHAT IS SYNDROMIC SURVEILLANCE?

There have been a number of definitions of SS, however for this thesis I have adopted the
definition proposed by the European Triple S Project:? “SS is the real time (or near-real time)
collection, analysis, interpretation and dissemination of health-related data to enable the early
identification of the impact (or absence of impact) of potential human or veterinary public

health threats which require effective public health action”.

There is yet to be a fully accepted definition of what SS is, especially of what constitutes
‘syndromic’ data, and this may be in part be due to the constant evolution of what is
considered ‘SS’; and shifts over time as these surveillance systems adapt to differing public
health needs. '® During the early 2000’s, what has eventually become known as SS was
referred to by a number of definitions such as ‘early warning systems’, ‘bio-surveillance’ or
‘health-indicator systems’,!” alluding to the diversity of what might be eventually considered
syndromic. Traditionally, syndromic data was considered relevant to the monitoring of
groups of clinical symptoms or features which relate to specific illnesses;'® of course this

does not however encompass non-clinical sources of data !° which also have potential for

surveillance purposes.

Broadly, SS involves the utilisation of data relating to the early symptoms of an illness
(otherwise known as a prodrome), which happen during the period before laboratory
confirmation of illness !” with syndromes having been defined as a set of conditions or
symptoms which occur together suggesting the presence of an increased chance of
developing the disease.!” The use of ‘condition” within this definition encompasses non-
clinical data sources. More recently authors have sought to refine definitions; in an attempt

120

to incorporate machine learning (ML) into the analytics pathway, Kulessa et.al “~* have

divided SS into ‘specific’ and ‘non-specific’. They argue that ‘specific’ SS is the monitoring
of the characteristics of a given or known disease, and ‘non-specific’ SS is the monitoring of

the stream or streams of data for anomaly detection to identify public health threats.

The range of data sources with demonstrable potential for SS includes data from clinical

1422

encounters, such as ED attendances 2! | general practitioner consultations remote health

24-26 27-29

advice 2* or non-clinical data sources, such as school absenteeism , internet searches
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or over-the-counter medicine purchases.’*3> Somewhat surprisingly, there is little in the
literature about understanding the purposes of different data sources, or the lessons learnt

from developing systems. This critical aspect of SS is expanded on in Theme One.

The roles of SS are broad, but have been summarised as allowing the estimation of the
magnitude of public health problems, describing the natural history of a disease and the
distribution and spread of illness, the early warning of outbreaks and detection of changes in
health practices >, as well as reassurance to decision makers about changes in community
morbidity.® Syndromic systems have been developed and deployed to identify health threats
at earlier stages than traditional surveillance methods (such as those using laboratory or
clinical disease notifications) which can both enable timely public health action alongside
providing near-real time information on changes on disease activity. This can range from

monitoring pandemic ** or seasonal °

influenza, monitoring the effectiveness of vaccinations
36 to describing changes in the secular trends of seasonal organisms such as norovirus.?!
Syndromic systems also have the potential to identify poorly understood phenomena, such as
the relationships between thunderstorms and asthma.?” During the recent and on-going
COVID-19 pandemic, syndromic data are providing information to decision makers on the
community activity of SARS-CoV-2.3-40 Using the case study of gastrointestinal disease
outbreaks, the abilities of SS systems to detect outbreaks is explored during Theme Three of

this PhD.

Although the evidence-base for, and associated amount of literature is comparatively small
(albeit growing), the concept of SS is not new. Originally conceptualised to identify
biological terrorist attacks in the U.S.A in the wake of the 9/11 attacks.!® Following the
initial bioterrorist aims, it was used primarily for influenza surveillance before widening to a
multi-hazard approach. It is now practised by public health agencies across the globe, with

41 42

sophisticated SS systems in operations in many European nations and North American

States.*?

In contrast to most other countries, in England a national programme of SS is co-ordinated
centrally within Public Health England (PHE), the national Government organisation that
coordinates the public health and health protection response for England. This is co-
ordinated through a dedicated team of analysts, epidemiologists and scientists who specialise

in SS systems, data and analyses (the ReSST). ReSST operate a suite of systems which
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includes monitoring of a remote health advice service, attendances at Eds '*, in and out of
hours GP attendances '* and national ambulance dispatch data.** Syndromic data are
monitored by visualising daily counts of indicators over time to identify secular and non-
seasonal trends, and unusual activity identified using automated alerting of higher-than-
expected levels of indicators with exceedance algorithms.*> These automated alerts highlight

‘alarms’, which are risk assessed according to pre-defined criteria.*¢

8.3 WHAT IS BIG DATA?

We are currently witnessing the confluence of several factors which hold the potential of
understanding human behaviour and biology, improving health and generating new insight
through the collection, use and analysis of large datasets. The 21 century has seen a rapid
growth in the collection, collation and analysis of these large-scale datasets; which have
become popularly known both in the media, and increasingly academic literature as ‘big
data’. Usage of both the colloquial term and these data themselves has become intrinsic in
both society and our daily lives; from assisting the manufacturing of the foods we eat ¥/,
managing the traffic on our daily commutes *, how we search for and access information *°,
to even influencing our political perspectives.® The use of ‘big data’ has become pervasive
in fields ranging from finance 3!, advertising 3, sports >* to sociology >* , psychology 3 and

medicine.*®

Understanding what is meant by ‘big data’ is challenging. The term itself it thought to have
arisen in Silicon Valley during the 1990s 7, and Favaretto et.al °® link the exponential
increase in use of the term with the ‘explosion’ in the quantity of potentially relevant data
with advancements in data recording and storage technologies, and the five ‘V’s’ being
attributed to it; heterogeneous (variety), high-speed processing (velocity), large amounts
(volume), authenticity (veracity) and perhaps most importantly; turning the data into
something of value.” The qualitative work by Faveretto et.al °® to identify a consensus
definition recognised the associated uncertainty and that it might be a culturally evolving
concept. Numerous authors and studies have attempted definitions, including a 2014
systematic review ® which concluded that big data should be defined as datasets with a
logarithm of the product of the number of statistical individuals (n) and the number of

variables (p) (Log(n * p)) > 7. This somewhat arbitrary definition doesn’t take into account
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important and necessary features of big data; namely the form of analysis and purpose. This
is described in the definition by De Mauro and colleagues '; ‘Big Data is the Information
asset characterized by such a High Volume, Velocity and Variety to require specific
Technology and Analytical Methods for its transformation into Value’. More

comprehensively, in their well cited paper, Wu et.al 6

present a model based on a HACE
theorem (table B) which describes the characteristics of big data. Through consideration of
this concept of what big data is, it incorporates that these data sets are large in volume,
complex, growing and utilise multiple autonomous sources; and intrinsic to this are the

challenges associated with mining these data.

Table B: ‘HACE’ theorem of Big Data characteristics

HACE theorem characteristic | Explanatory Note
of Big Data
Huge Data with Fundamental Characteristic of Big Data is a large volume

Heterogeneity and Diverse

Dimensionality

of data represented by heterogeneous and diverse
dimensionalities; necessary as different information

gatherers often use this for varied purposes.

Autonomous sources with
distributed and decentralized

control

Each data source is able to generate and collect

information without involving centralised control.

Complexity and Evolving

Relationships between data

As the volume of Big Data increases, so does the

complexity and underlying relationships between the data.

Challenges with Mining the
Data

Multiple challenges in understanding the data; ultimately
the purpose is to transform the complex (non-linear) data
relationships and evolving changes into consideration to
discover useful patterns from Big Data collection and

collation.

Although the definition of big or large data has been traditionally conceptually vague °® the
HACE concept encompasses much of how large-scale datasets are used for SS purposes.
Fundamentally, syndromic data is from a variety of sources; while primary data collection is
active, it’s secondary collection for SS is invariably passive, with different organisations and

individuals responsible for its collection and collation. This fundamental tenet of syndromic
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data leads to the argument that the data sources are autonomous. For example, a different
organisation will run ambulance care to those receiving patients in an emergency department,
and to a micro-degree, within an organisation, system or even at individual practitioner level

there is invariably differentiation in how medical encounters are coded.

The complex temporal-spatial and exceedance analysis necessary for understanding
syndromic data relates to a degree to ‘data-mining’. Unlike in a traditional analytical study,
there are not specific hypotheses being tested. Instead the use of ‘exceedance’ algorithms
are commonly employed to compare current trends against a baseline generated using
historical data and accounting for factors such as seasonality, day of the week effects and
changes in secular trend direction. This type of exceedance algorithm derives partially from
the usual practice in SS of exploring the data using a form of temporal plot, which can be
automated and translates well to analysis using alarm systems such as the multi-level
regression approach #°, the quasi-Poisson regression based methods ¢ used within PHE, or
the Shewhart control chart based ‘Early Aberration Reporting System’ used in the U.S Centre
for Disease Control.** These forms of analyses differ from the ML approaches typically
associated with ‘big data’, and aberration detection algorithms are discussed during Theme

Three.

In the context of SS, ML has been used for risk assessment and decision making support %
and natural language processing of free-text , but in terms of analysis or insight generation,
the application of analyses to syndromic data has been, perhaps surprisingly, limited. There
are several challenges to the application of ML to SS. Firstly, syndromic data is rarely
‘labelled’ to allow an algorithm the opportunity to train as it might during supervised
learning, depending on the purpose. This often stems from the lack of a ‘gold standard’; for
example in outbreak detection, distilling a true ‘signal’ associated with an outbreak beyond
background cases is challenging (exemplified by Paper Five in this PhD °), and whilst studies

have been conducted using simulated data 7

, real-world examples in the literature which
consider specificity and sensitivity, rather than simply reporting outbreaks found by SS are
scarce.

12° highlight that the use of Bayesian networks " and sum-product networks !

Kulessa et.a
which allow the underlying probability distributions of the data to be identified (and thus

‘normal’ behaviour captured) indicate that SS is a form of exceptional model mining.”> As
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much of the data is unlabelled, unsupervised learning approaches are necessary.
Unsupervised learning offers promise in terms of understanding which indicators most
closely correspond to pathogens of interest through the use of convolutional neural networks
20 however again the usage for actual outbreak detection are rarer. Despite the limitations of
using modern ML approaches to syndromic data itself, these concepts are becoming known
as ‘pre-syndromic’ surveillance 7* as a public health ‘safety-net” whereby techniques look to
identify emerging patterns which public health practitioners hadn’t previously thought to look

for; with special potential utility for emerging or novel pathogens.”

An important absence from the HACE model in relation to SS is included in the DeMunro
definition; ‘transformation into Value’. A central component of field epidemiology is that
information is used for action 7* and in terms of SS, that action may be a risk assessment or
communication to a stakeholder, but the over-arching aim is to provide the information to

facilitate a public health response if necessary.

8.4 BIG DATA AND PUBLIC HEALTH

The concept of big data has huge implications for our understanding of human health,
biology, disease and its epidemiology. There are now unprecedented levels of information
about the individual; ranging from biological information on a micro scale at the level of the
‘omics’ sciences to information about the health or behaviour of that individual to the truly
macro scale of the environment which individuals live and how they interact with others.
The revolution in ‘omics’ and the increasing affordability of sequencing data 7 has led to the
potential for vast amounts of information from an individuals’ proteome 7’, genome 78,
transcriptome 7, and epigenome .3 Alongside these vast data, is the potentially modifiable
and unique individual data on the microbiome.®! Ultimately, some of the greatest insights to
health may come from the integration of these types of data 32, and although with current
processing power incorporation into SS systems is at present unlikely, it is probable that in
the future these may become increasingly relevant; changes in microbiomes may be detected
and amenable to public health (or individual level clinical) intervention or those at particular
risk of different diseases due to their genetic makeup may be sent differing public health
warnings. Even today, sewage analysis systems are in operation for COVID-19 to monitor

virus variance predominance.® 8
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Analogous to the wealth of individual level biological data, there is an unprecedented amount
of data generated about the health of an individual, ranging from electronic health records
(EHR) * and the digitisation of radiological images 3¢ and wearable technologies 7 to
movement data. 3 EHR data are already in use as a source of data for SS purposes %°*°; but
there remains potential to improve the granularity of information through better coding and
linkage with other systems. *! This coincides with improvements to natural language
processing; raising the possibility of automated reading and interpretation of both patient
notes °? and in addition the automated analysis of user generated social media posts about
possible illness * or the rapid analysis of traditional media outlets ** to provide insights.
User generated information, such as internet searches has been described in the literature for
a range of SS systems covering a wide variety of infectious diseases; and is described in

detail in Theme One (Chapter 8).

The development of certain specific SS systems internationally has been expedited by MG
events (such as the Olympics) where large scale datasets can support existing surveillance
programmes to give indications about morbidity, or pertinently lack of excess morbidity in
visiting populations at times of often intense political and societal scrutiny. There has been a
recent ‘call to arms’ to incorporate new data sources and maximise SS’s potential with the
return of the Olympics to Europe in 2024 °°, and locally to the ReSST, the Commonwealth
Games in Birmingham in 2022. As such, Theme Four of this PhD explores the role of SS

during mass gatherings.

Beyond biological and behavioural factors, as the numerous reports such as the Black Report
% and Marmot’s ‘Fair Society, Healthy Lives’ Report 7 eloquently demonstrated, health
inequalities and social determinants have huge implications for a population’s health, and can
impact the life course of individuals. Large scale datasets now allow us to quantify those
determinants and the use of indices of socio-economic deprivation are now commonplace **
100 in establishing links between illness and the socio-economic gradient and as described in
Theme Two, data from syndromic systems can be used to support this type of
epidemiological insight. Alongside socio-economic determinants of health, environmental
data and how individuals interact with the environment can be used to provide insight and
early warning of disease; meteorological data can be considered ‘big data’ in terms of

volume, veracity and velocity and traditionally has combined with agriculture, transportation
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and the tourism industry data to generate insight.'”! However, there are clear relationships
between health and the surrounding environment; the links between air pollution and
respiratory, cardiovascular '°> and neurological diseases ' are well established. Using these
large health-related datasets or combining with non-health datasets to generate insight into
the health of a population are the basis of SS systems globally, and Theme Two in this PhD
explores how these rich data sources are being used to understand non-infectious disease

epidemiology.
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9. KEY FINDINGS FROM INDEXED PAPERS

The key findings from the indexed papers are described in Table C.
Table C: Key Findings from Indexed Papers

Paper One: Ambulance Dispatch Data Pilot.

The study demonstrated the development of a novel system pilot, and some of the challenges faced
developing such a system. Specifically, that some, but not all ambulance dispatch data indicators had
potential utility for SS purposes in England. Key lessons were identified in setting up the system which
included the benefits of operation as part of a suite, ensuring stakeholder ‘buy-in’ and challenges of

demonstrating value when extreme events are rare.

Abridged Abstract

Objective: To determine whether an Ambulance Data SS System (ADSSS) is feasible and of utility in

enhancing the existing suite of PHE SS systems?

Methods: An ADSSS was designed, implemented, and a pilot conducted from September 01, 2015
through March 01, 2016. Surveillance cases were defined as calls to the West Midlands Ambulance
Service (WMAS) regarding patients who were assigned any of 11 specified chief presenting complaints
(CPCs) during the pilot period. The WMAS collected anonymized data on cases and transferred the
dataset daily to ReSST, which contained anonymized information on patients’ demographics, partial
postcode of patients’ location, and CPC. The 11 CPCs covered a broad range of syndromes. The dataset
was analysed descriptively each week to determine trends and key epidemiological characteristics of
patients, and an automated statistical algorithm was employed daily to detect higher than expected
number of calls. A preliminary assessment was undertaken to assess the feasibility, utility (including
quality of key indicators), and timeliness of the system for SS purposes. Lessons learned and challenges

were identified and recorded during the design and implementation of the system.

Results: The pilot ADSSS collected 207,331 records of individual ambulance calls (daily mean =
1,133; range = 923-1,350). The ADSSS was found to be timely in detecting seasonal changes in patterns

of respiratory infections and increases in case numbers during seasonal events.

Conclusions: Further validation is necessary; however, the findings from the assessment of the pilot
ADSSS suggest that selected, but not all, ambulance indicators appear to have some utility for SS
purposes in England. There are certain challenges that need to be addressed when designing and

implementing similar systems.
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Paper Two: Socioeconomic and Geographical Variation in GP Consultations for Allergic Rhinitis
The study demonstrated how syndromic data can be used to estimate the burden of disease and how that
breaks down by different factors, specifically the burden which AR presents to GP practices, the
consistent seasonal pattern of the disease and how it varied by demographic sub-groups, deprivation

quintile and rural-urban characteristics, which needs to be considered during health care planning.

Abridged Abstract

Objective Allergic rhinitis (AR) is a global health problem, potentially impacting individuals’ sleep,
work and social life. We aimed to use a surveillance network of general practitioners (GPs) to describe

the epidemiology of AR consultations in England.

Methods GP consultations for AR across England between 30 December 2002 and 31 December 2014
were analysed. Using more granular data available between 2 April 2012 and 31 December 2014 rates
and rate ratios (RR) of AR were further analysed in different age groups, gender, rural-urban

classification and index of multiple deprivation score quintile of location of GP.

Results The mean weekly rate for AR consultations was 19.8 consultations per 100 000 GP registered
patients (range 1.13-207), with a regular peak occurring during June (weeks 24-26), and a smaller peak
during April. Between 1 April 2012 and 31 December 2014, the highest mean daily rates of
consultations per 1 00 000 were: in age group 5—14 years (rate=8.02, RR 6.65, 95% CI 6.38 to 6.93);
females (rate=4.57, RR 1.12 95% CI 1.12 to 1.13); persons registered at a GP in the most
socioeconomically deprived quintile local authority (rate=5.69, RR 1.48, 95% CI 1.47 to 1.49) or in an
urban area with major conurbation (rate=5.91, RR 1.78, 95% CI 1.69 to 1.87).

Conclusions AR rates were higher in those aged 5-14 years, females and in urban and
socioeconomically deprived areas. This needs to be viewed in the context of this study’s limitations but

should be considered in health promotion and service planning.
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Paper Three: Environmental Factors Associated with GP Consultations for AR in London,
England

This study demonstrated how syndromic data, when combined with other rich data sources, can be used
to model the impact of different variables upon health care presentation. Specifically, how changes in

pollen counts, temperature and pollutants were associated with presentations for AR.

Abridged Abstract

Objectives: To identify key predictors of general practitioner (GP) consultations for allergic rhinitis

(AR) using meteorological and environmental data.

Methods: A retrospective, time series analysis of GP consultations for AR. The study population was
all persons who presented to general practices in London that report to the Public Health England GP in-
hours SS system during the study period (3 April 2012 to 11 August 2014). Primary measure was

Consultations for AR (numbers of consultations).

Results: During the study period there were 186 401 GP consultations for AR. High grass and nettle
pollen counts (combined) were associated with the highest increases in consultations (for the category
216-270 grains/m? , relative risk (RR) 3.33, 95%CI 2.69 to 4.12) followed by high tree (oak, birch and
plane combined) pollen counts (for the category 260-325 grains/m? , RR 1.69, 95%CI 1.32 to 2.15) and
average daily temperatures between 15°C and 20°C (RR 1.47, 95%CI 1.20 to 1.81). Higher levels of
nitrogen dioxide (NO») appeared to be associated with increased consultations (for the category 70—85
pg/m?, RR 1.33, 95%CI 1.03 to 1.71), but a significant effect was not found with ozone. Higher daily
rainfall was associated with fewer consultations (15-20mm/day; RR 0.812, 95% CI 0.674 to 0.980).

Conclusions: Changes in grass, nettle or tree pollen counts, temperatures between 15°C and 20°C, and
(to a lesser extent) NO; concentrations were found to be associated with increased consultations for AR.
Rainfall has a negative effect. In the context of climate change and continued exposures to
environmental air pollution, intelligent use of these data will aid targeting public health messages and

plan healthcare demand.
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Paper Four: The Utility of Syndromic Surveillance for large, subnational outbreaks of GI disease
This study found that syndromic surveillance systems in England did not detect examples of large,
subnational GI outbreaks contemporaneously. Although automated statistical alarms highlighted
potential changes in two of the outbreaks, these were assessed as low risk and public health action not

initiated.

Abridged Abstract

Objectives: To determine if SS systems in England had identified large, retrospective sub-regional

outbreaks of GI disease.

Methods: To investigate using SS for this purpose we retrospectively identified eight large GI
outbreaks between 2009 and 2014 (four randomly and four purposively sampled). We then examined SS
information prospectively collected by the Real-time SS team within Public Health England for

evidence of possible outbreak-related changes.

Results: None of the outbreaks were identified contemporaneously and no alerts were made to relevant
public health teams. Retrospectively, two of the outbreaks — which happened at similar times and in
proximal geographical locations — demonstrated changes in the local trends of relevant syndromic
indicators and exhibited a clustering of statistical alarms but did not warrant alerting local health

protection teams.

Conclusions: Our suite of SS systems may not be suitable as means of detecting or monitoring
localized, subnational GI outbreaks. This should, however, be considered in the context of this study’s
limitations; further prospective work is needed to fully explore the use of SS for this purpose. Provided
geographical coverage is sufficient, SS systems could be able to provide reassurance of no or minor

excess healthcare systems usage during localized GI incidents.
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Paper Five: Syndromic Surveillance Findings During the 2012 London Olympics

This paper demonstrated the role of syndromic surveillance during the 2012 London Olympics, and how
it was able to provide near-real time information to decision makers during the Events. Importantly, it
clearly demonstrated the importance of the role SS can provide in providing reassurance to decision
makers of discernible changes in community morbidity and provided a model for the use of SS in future

mass gathering events.

Abridged Abstract:

Objectives: To investigate the impact of a large mass-gathering event on public health and health
services as monitored in near real-time by SS of GP out-of-hours contacts and ED attendances, and to

identify learning to aid the planning of future events.

Methods: ED and GP out-of-hours data for London and England from July 13 to August 26, 2012, and
a similar period in 2013, were divided into three distinct time periods: pre-Olympic period (July 13-26,
2012); Olympic period (July 27 to August 12); and post-Olympic period (August 13-26, 2012). Time

series of selected syndromic indicators in 2012 and 2013 were plotted, compared, and risk assessed by

members of the ReSST. Student’s t test was used to test any identified changes in pattern of attendance.

Results: Very few differences were found between years or between the weeks which preceded and
followed the Olympics. One significant exception was noted: a statistically significant increase (P value
=.0003) in attendances for “chemicals, poisons, and overdoses, including alcohol” and “acute alcohol
intoxication” were observed in London EDs coinciding with the timing of the Olympic opening

ceremony (9:00 PM July 27,2012 to 01:00 AM July 28, 2012).

Conclusions: SS was able to provide near to real-time monitoring and could identify hourly changes in
patterns of presentation during the London 2012 Olympic Games. Reassurance can be provided to
planners of future mass-gathering events that there was no discernible impact in overall attendances to
sentinel EDs or GP out-of-hours services in the host country. The increase in attendances for alcohol-
related causes during the opening ceremony, however, may provide an opportunity for future public

health interventions.
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10. DISCUSSION, IMPACT AND CONCLUSION

10.1 THEME ONE: DEVELOPING SYNDROMIC SURVEILLANCE SYSTEMS, CASE
STUDY USING AMBULANCE DISPATCH DATA

In the existing literature, the emphasis has been on the statistical methodologies which
underpin syndromic surveillance systems; with far less information on the practical
development and application of such systems.'** Through the publication of the development
of systems such as the first indexed paper  in this thesis, the practicalities of piloting and
operating such systems are shared, which is critical for effective public health practice and
supporting/enhancing existing epidemiology and surveillance programmes. The role of the
relationships with stakeholders was clearly identified in the indexed paper One, but is rarely

reported or discussed in detail in the literature.!®

The first stage of development of a syndromic surveillance system is generating an
understanding of what the public health purpose of the system is, and what added value that
system creates to the stakeholders, decision makers and wider public health program of the
operating country or geographical region. Without a clear benefit identified it is very difficult

to justify the resource required to develop such systems.

Part of this understanding comes from the type of data used to inform the system. Currently
in operation across the globe, there are numerous types of data employed in SS. These
different data sources range from large scale health data such as GP consultations '#,
ambulance dispatch data 2, telehealth 2> ED admissions ' and 911 / emergency medical calls
105 to non-health related data sources, such as social media analysis %, school absenteeism 2°

or web searches.?’

In terms of the roles of the different systems, these could be viewed as a ‘spectrum’ of
severity. To date, in the literature there has not been a clear picture of the traits; abilities and
facets of each individual data source and its relevance to individual systems. The concept of
viewing data sources according to severity allows visualisation of why and how they might
be used. For example, the patient pathway for less severe, or non-urgent health queries might

involve large-scale internet searches or calls to a telehealth helpline (for example in England,
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NHS 111). Increasing severity of symptoms or disease might warrant an overall smaller
numbers of presentations progressively through consultations to GP’s, ED attendances or if
the problem is acute and / or severe or life threatening, an ambulance call. Each part of this
pathway represents an opportunity for information gathering for SS purposes; and provides
potentially different intelligence about the pattern of morbidity in the community (Figure A).
This is visually represented in Figure A. The analogy of classification of SS systems by
severity would allow stakeholders and those responsible for understanding SS system’s

output better insight into the potential and limitations of each different data source.

Figure A: Syndromic Surveillance Systems in operation; Data Source by Severity

Those systems described in Figure A are in active operation globally. Beyond this there are a
range of ‘novel data sources’ which aren’t linked to the collection of ‘traditional’ health
record data,'%” but which offer potential for use. In 2008, the first description of using trends
in internet searches to quantify the behaviour of influenza (Google ‘Flu Trends) was

published '8

, although this wasn’t without controversy; especially in terms of potentially
overestimating the community burden.!” The use of Google Flu Trends has subsequently
been reappraised using more sophisticated analytical methods which have demonstrated their

potential utility.!!” The original study did however demonstrate the potential of these types of
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internet based data for syndromic surveillance use, and there has been an increase in
publications such that a systematic review was recently published ''! which highlighted the
increasing number of publications, and concluded that there was some utility in web retrieval
for syndromic surveillance, in particular for the monitoring and early predictions of an
epidemic. There has also been an increasing number of papers which describe the use of
machine or deep learning techniques to mine Twitter data; with varying degrees of

success.! 115 Other authors !!'! have highlighted the limitations of using social media or
internet search data for SS, suggesting that it should at most act as an adjunct to other
surveillance systems, and the lack of these systems reported in the literature which are in

actual practice is notable, despite the duration of this data being available.

10.1.1 AMBULANCE DISPATCH DATA

In Paper One presented in this PhD 2, this was the first time in the UK that large-scale
ambulance dispatch data had been used for SS purposes. Using ambulance dispatch data had
been identified as a potential system to complement the existing PHE syndromic surveillance
programme; especially at the ‘severe’ end of the disease spectrum. Although some
information was already captured in the existing national ED SS system, at the time this was

a sentinel ED system with limited geographical coverage across England and sub-regions.

Ambulance data have been used for SS purposes in other countries although the degree of

usefulness reported has varied. In New York City (New York USA) !¢ and Denmark,117
ambulance data have been effectively used to monitor trends in influenza-like illness, but the
experience in Melbourne, Australia highlighted difficulties in interpretation due to an
observed high degree of background “noise” associated with ambulance data.''® More
recently, a scoping review has been published '’ which identified 20 peer reviewed
publications and 24 publications in the ‘grey’ literature describing 44 studies and systems.
Most of these studies described the outcomes of temporary systems, and — in common with
our experience — noted the relationship between ambulance dispatch data and respiratory
illness, and the potential benefit of timeliness of information above traditional surveillance

systems.
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After the publication of Paper One, and the continued operation of the pilot in the West
Midlands, the programme has developed further to encompass all ten NHS ambulance service
providers in England; becoming the first National Ambulance Dispatch Data SS System
(NASSS) globally.*

In common with other authors, during the initial pilot we found limited use for other
ambulance data indicators beyond respiratory during the initial pilot.!'¢ 7 120 However,
during the construction of the system we adopted a pragmatic approach using only limited
information for coding. Eleven ‘chief presenting complaints’ (CPCs) were used, which were
the codes assigned to individual calls by the call handler and provided to the ambulance
during dispatch e.g, “breathing problems”. These CPCs were based on the emergency call
hander’s clinical assessment of the caller and their judgement of the most likely cause of the
call. The calls themselves, however, were based on a more granular, algorithmic assessment
during the call. This more granular assessment data is used in the UK in the NHS 111

syndromic system 2*, and is an opportunity to further study the utility of ambulance data.

A key finding from Paper One was the benefit of using the other existing systems in the suite
operated by ReSST for triangulation and sense-checking of findings. At the time of this
observation this triangulation was performed through epidemiologist interpretation and done
manually through the examination of individual systems; this process is still in practice
today. In the literature, however, methods are beginning to emerge which combine multiple
data sources and the detection of anomalies (such as an outbreak) through the use of ML
techniques 2° '%; in essence using statistical approaches to address the triangulation of data
discussed in the paper presented in this PhD. Through training algorithms using syndromic
data from multiple systems combined with historical temporal trends of confirmed laboratory
cases, these types of techniques may offer the opportunity to use codes from multiple systems
to produce ‘machine-selected’ indicators which match epidemiological trends of different
infectious agents better than existing human-designed indicators. There may be additional
benefits from this in the context of differentiating between pathogens; of particular
importance during future winters where a syndromic system that could provide differentiation
between influenza, COVID-19 and other respiratory viruses would be of high value to

decision makers.
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10.2 THEME TWO: THE APPLICATIONS OF SYNDROMIC SURVEILLANCE IN
NON-INFECTIOUS DISEASE EPIDEMIOLOGY

As described earlier during this Thesis, one of the original and primary roles of syndromic
surveillance was the detection and quantification of outbreaks of infectious diseases. **
However, these rich data combined with epidemiological expertise have proved to have
utility far beyond this original scope; providing insight into the epidemiology of diseases, the
burden on healthcare systems, the effectiveness of public health interventions and morbidity
associated with natural phenomena. During this theme, how syndromic data has been used
to address some of these issues is described, alongside some of the types of analysis

frequently used to understand syndromic data and how this may be developed in the future.

Data from syndromic surveillance systems is of particular use for those diseases or
syndromes where there isn’t laboratory confirmation, nor other surveillance systems in place
to monitor the epidemiology; and to illustrate this, papers three and four presented in this
PhD focus on using syndromic data for such a disease; allergic rhinitis. The first of these
uses standard descriptive epidemiology, and the second time series modelling to understand
the aetiology of this disease and its relationship with other factors such as socio-economic

status, meteorological conditions and air pollution.

10.2.1 SYNDROMIC DATA SETS FOR NON-INFECTIOUS DISEASE
EPIDEMIOLOGY

There is a growing body of literature using syndromic datasets for furthering the
understanding of non-infectious disease epidemiology, and Paper Three and Paper Four
support this. In this thesis an argument is presented whereby SS for non-infectious disease
epidemiology appears most useful in those instances where the disease, risk factor or
condition presents — at a population level — in a similar manner to an infectious disease agent.
This is either in terms of defined ‘outbreaks’ (i.e. linked in time, space or person) often in
response to an external agent such as disaster or environmental phenomenon, or otherwise
with a regular seasonal pattern, like is observed with seasonal influenza, or for non-infectious

disease; like allergic rhinitis. This has become particularly important during the COVID-19
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pandemic, as one of the key non-COVID related impacts has been the impact on population-
level mental health.'?! Syndromic-data has been used in the US to quantify increases in
mental health-related visits for children aged 5-11 and 12-17 years of 24% and 31%
respectively between 2019 and 2020, leading to calls for public health promotion of coping
and resilience strategies.!?? There is a demonstrated role in SS providing information after
terrorist attacks on population mental health; increases in mental health related visits to ED’s
were observed subsequent to the Boston Marathon bombings in 2013 % and SS of twitter data
was applied following the Paris terrorist attacks during 2015 to detect clusters of ‘fear’ and

‘sadness’ both geographically and demographically.'?’

At the severe end of the mental health spectrum, ED’s are a vital source of information about
health-care seeking behaviour amongst individuals with risk factors for suicide or suicidal
attempts.'?* Despite this, in the UK (and most other countries) suicide data is difficult to
obtain due, in part, to delays in legal processes (such as the time lag between an unexpected
death report and coroner’s conclusion at inquest), leading to the Royal College of
Psychiatrists developing a support pack to local areas to develop real-time surveillance
programmes.'?> The analogies in the literature between suicidal ideation and infectious

s 126 used

disease outbreaks have been made with the controversial use of the term ‘contagion
for clusters of suicides linked by time, place or person which perhaps fits with the syndromic
concept of identifying changes in population level morbidity in near-real time to lead to
geographically and demographically targeted and timely public health intervention. A
number of attempts to use syndromic systems for this purpose have been published, with

varying success.!?’ 128

Although there are challenges to the identification of clusters of poor mental health using SS;
there are multiple risk factors which can readily be identified by SS systems. The most
frequently cited of these is alcohol or substance abuse; in particular as this is readily coded in
ED departments, and numerous publications report using SS to monitor harm due to alcohol
129130 poisonings or drug overdoses.!*! 132 In Paper One in this PhD, the Ambulance
Dispatch Data syndromic data identified unexpected local temporal-spatial and demographic

clusters of alcohol use potentially amenable to public health intervention.?

Syndromic data is frequently used to study the correlation between events and the impact that

has on morbidity. Flexibility has been highlighted as a strength of SS, '** and adaptability to
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different events is evidenced though numerous examples. These can be comparatively acute,
such as determining the impact of football matches on cardiovascular events !>, the impact of

135 or conflict.!*® There is a clear role for SS in the study of natural disasters

terrorist events
or phenomenon; this has involved surveillance of morbidity associated with flooding "7,

earthquakes '*® or the impact of volcanic plumes.'*’

The concept of SS data being of particular use for those diseases which are ‘outbreak-like’ in
their presentations at population-level is evident with some non-infectious respiratory
diseases. Presentations of asthma are associated with environmental factors '4°, and
syndromic data has been used to quantify the burden of asthma on ED attendances !, and to

justify the development of early warning public health alerts to asthmatics.!*?

Elucidating the relationship between health, meteorological and environmental factors

demands large-scale data, and is necessarily observational, which makes syndromic data one
of the most widely used data sources for this. SS has been used to quantify the impact of air
pollution ‘events’, and how these impact across national borders.!** The relationship between

145146 and illness has been well

extreme weather such as heat-waves '** or cold-weather
described using syndromic data. The benefits of SS data for these purposes are that firstly it
allows the relationship between hazards and illness to be quantified; providing decision
makers with estimates on the expected burden on healthcare services, and secondly informs

decisions about the need for public health interventions such as preventative messaging.

The second indexed paper in this PhD uses syndromic data but combines it with census-level
geographical data to provide a description of allergic rhinitis by geography, urban-rural
classification and indices of multiple deprivation score (IMD) to provide a geographical level
estimate of socioeconomic deprivation. Socio-economic deprivation is a key driver of many
diseases which exhibit a gradient whereby often people from more socio-economically
deprived areas suffer greater morbidity and poorer health outcomes.”®®” Syndromic data
offers potential for understanding these relationships but is also associated with limitations.
As discussed in the paper, people in socio-economically deprived, and urban areas were more
likely to be found to attend their GP for allergic rhinitis (AR). There were a range of possible
reasons for this; including differing presentation patterns between socio-economically
deprived and affluent areas, different behaviour due to the need to pay for prescriptions, and

the possibility that a socio-economic gradient is evident for this disease and / or differing
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levels on antigenicity due to differences in exposure in urban versus rural environments.
Whilst syndromic data can provide large scale, population wide snapshots; it remains critical
to interpret findings in the context of the data collected. It is imperative to explore
inequalities and highlight their existence when and where possible as evidence such as that
provided in the paper is necessary to generate hypotheses that might eventually support
public health programmes to reduce inequalities; and this paper is one of a growing number
of examples of how syndromic data can be used to both develop the evidence base and detect

changing patterns of inequalities.'?

The third indexed paper in this PhD demonstrated how syndromic data, when combined with
environmental and meteorological data can provide powerful insight into the drivers behind
illness. The paper demonstrated that change in grass, nettle or tree pollen counts,
temperatures between 15°C and 20°C, and (to a lesser extent) NO, concentrations were found
to be associated with increased consultations for AR. Rainfall has a negative effect.
Intelligent use of these data will aid targeting public health messages and planning healthcare
demand, particularly in the context of a changing environment and the challenges of global
warming. The challenging time-series modelling used in the paper demonstrated how
effective data used for syndromic purposes can be for providing insight into non-infectious

disease epidemiology.

10.3 THEME THREE: SYNDROMIC SURVEILLANCE SYSTEMS IN THE
IDENTIFICATION OF LOCALISED OUTBREAKS OF GASTROINTESTINAL
INFECTIOUS DISEASES

The original intended purposes of SS were of detection of either the deliberate release of an
agent capable of causing disease or monitoring of outbreaks of infectious disease. The initial
rationale for developing these systems was that they had the potential for provision of
situational awareness to decision makers in a timelier fashion than non-SS systems which

relied upon the processing of samples in a laboratory.*’

As early as 2006, strengths and limitations of SS systems were being described. A systematic
review by Hope et.al '3 identified the following strengths; i) the ability to detect community
wide seasonal influenza outbreaks ii) timeliness of data availability iii) completeness of data

iv) alleviation of community concern when outbreaks are elsewhere v) case-finding when
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outbreaks identified and vi) flexibility in being able to conduct surveillance for new and
emerging issues. Despite this, they also identified that there were significant limitations to
localised outbreak identification; an inability to distinguish between background ‘noise’ and
true signals, the burden of false alarms associated with low specificity and positive predictive
value, and a major constraint of unavailability of denominator data at lower-level

geographies.

In Paper Four, the limitations of SS for outbreak detection of large, sub-regional GI outbreaks
were clear. None of the five identified outbreaks were identified contemporaneously, nor on
retrospective review of the syndromic data would have warranted further alerting. The dual

constraints of ‘noise’ and distinguishing ‘true’ outbreaks were clearly evidenced from this

paper.

Concluding this work, a clear distinction should be made in terms of the definition of what
should be considered a localised outbreak and what is a community wide change in the
secular trends or seasonality of a pathogen. Hale et.al !4’ helpfully define a localised GI
outbreak as an unexplained, spatially and temporally localised increase in the fraction of GI
consultations amongst all consultations. Although this definition was devised in relation to

veterinary SS; the concept is applicable to humans, and also non-GI communicable disease.

There is distinct evidence for the role of SS in monitoring epidemic-level respiratory
pathogens such as influenza '*® or respiratory syncytial virus 4’ which happen most winters
in temperate climates. Near-real time surveillance allows community onset and burden to be
estimated, and is a key objective for winter surveillance systems.'** At the time of writing,
publications describing the ability of SS to adapt to the challenges of COVID-19 are few, but

despite initial challenges, early papers suggest utility in monitoring the pandemic.'>! 132

Despite the utility in widescale epidemics, in relation to localised outbreaks the limitations of
SS described by Hope et.al '** and in Paper Four still remain today, and there remains a lack
of published, peer reviewed and real-world evidence to suggest that localised outbreak

detection has improved with more granular data sources or better detection techniques.

Understanding utility in SS can be challenging. Within the published literature there are few

examples of either how to pilot, set up, operate on a routine basis or evaluate a SS system.

34



The need for evaluation of systems was recognised as early as 2004, where 35 detection and
decision support systems were evaluated, but found to be deficient in a number of domains
153 Jeading the Centre for Disease Control (CDC), USA to develop a framework for the
evaluation of surveillance systems for outbreak detection.!** The focus of the framework is
on the evaluation of timeliness of outbreak detection, and understanding the balance between
sensitivity, predictive positivity value and predictive negative value. This consensus
framework was preceded slightly by a framework for the evaluation of SS systems **
developed in 2003 (and still widely used today), which composed of five main components;
description of the system (e.g. stakeholders, how the system operates), outbreak detection
capacity (e.g. sensitivity, timeliness of detection), data quality (e.g. representativeness, data

completeness, reliability), conclusions and recommendations.

Both of these frameworks allude to sensitivity and specificity; however, this is often very
difficult to determine in relation to localised outbreaks for a number of reasons. Firstly there
is there is the problem of ‘noise’, or high background rates of sporadic cases which mean
spotting genuine outbreaks is difficult. In Paper Four, one posited reason for the lack of
identifying outbreaks, was that GI disease may be largely mild in the population, with only a
small number seeking healthcare. This is supported by the findings from the Infectious
Intestinal Disease study in the UK !5 which demonstrated that the community burden of
infectious intestinal disease far outweighs the burden on presentation to healthcare;
estimating that for every 10 GP consultations for infectious intestinal illness, there were 147
community cases. The implication for SS using healthcare data sources — and Paper Four - is
that even large-scale outbreaks would have a low proportion of cases seeking healthcare, and
identifying a signal becomes increasingly difficult, as demonstrated in the paper presented for
this PhD. Secondly, there is often a lack of a ‘gold standard’ to compare against; as many
localised outbreaks go undetected, they will not be recorded by public health authorities,
making determining sensitivity and specificity of syndromic systems for this purpose
difficult. The lack of data which might be considered accurately ‘labelled’ (outbreak related
vs sporadic cases) precludes the use of supervised machine learning techniques for outbreak

detection.

These difficulties in identifying GI outbreaks from syndromic data have been reported
elsewhere '°®, and the utility of SS for identifying localised GI outbreaks is not clear, with

mixed results reported in the literature using both simulated and real-world data.3! 715 The
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findings from Paper Four had a large impact on how SS is operated in England; in terms of a
reduction in confidence in the suite of systems to accurately identify such outbreaks, and

clear caveating of messages to stakeholders when dealing with GI outbreaks.

Theoretically, SS may be useful for the detection of waterborne outbreaks (e.g.
cryptosporidiosis), where a contaminated water source could expose a high number of
individuals in a short time period. As such, this is a relatively well-studied area and has been
the subject of two systematic reviews; the first in 2006 '®° and more recently in 2020.'%!
Hyllestad et.al '¢! identified six simulation studies and ten retrospective studies; there
conclusion was that there was no conclusive evidence on the effectiveness of SS for the

detection of waterborne outbreaks.

10.3.1 STATISTICAL ABERRATION DETECTION

A key aspect of SS is the ability to analyse and interpret vast quantities of data, and this is
usually done through the automated generation of statistical alarms; it is this type of
statistical alarm which informs Paper Four in this PhD. Globally there are a number of
different algorithms which have been or are in operation. Cumulative Sum (CUSUM)
methodologies were used in the early literature to monitor disease counts in discrete

geographic areas '%% and applied to SS but adapted for small counts '3

and more recently,
regression methodologies such as quasi-Poisson regression '** or multi-level regression
approaches.** Commonly used in the U.S.A is the Shewart control chart based Early
Aberration Reporting System (EARS).%* Bayesian methods have also been used for anomaly

detection. !0’

The intended outcome of these sophisticated, automated algorithms is to alert public health
teams to potential problems (whilst maintaining a manageable level of sensitivity), and there

is a developing body of literature comparing the merits of individual approaches.® 166 167

Beyond algorithm detection; and something that is often described less in the literature, is the
role of skilled epidemiologists in maintaining surveillance systems, risk assessment and

4

stakeholder relationships.!® In Paper Four, the ultimate decision making around if the

systems had correctly identified the outbreaks was ultimately based on epidemiological risk
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assessment of the data. In England, a risk assessment process was developed in advance of
the 2012 London Olympic Games *® and remains in daily operation, incorporating other
available epidemiological data and triangulation with data from other systems, and clear lines
of communication between the surveillance team and decision makers with auditable decision
trails. This aspect of SS is critical to effective operation of these systems for public health

intervention but is far less well documented in the published literature.

10.4 THEME FOUR: UTILITY IN AND DURING MASS GATHERINGS

The World Health Organization (WHO; Geneva, Switzerland) defines a MG as “any
occasion, either organized or spontaneous, that attracts sufficient numbers of people to strain
the planning and resources of the community, city, or nation hosting the event. '®® A recent
systematic review '%° investigated the public health threats associated with mass gatherings;
the authors classified MGs primarily into three groups; religious (such as the Roman Catholic
World Youth Day or the Hajj) festival (e.g. Glastonbury) and sporting events (e.g. the
Olympics or the Commonwealth Games) with different public health concerns associated
with each. Religious MG’s were most associated with infectious diseases, road traffic
accidents and environmental health problems. At MG sporting events infectious diseases,
alcohol and drug related problems were most frequently reported and at festival MGs, alcohol

and drug related problems most reported.

These type of mass gatherings and associated public health threats are suitable for monitoring

using SS, and the WHO provides have made explicit recommendations on the use of

169

surveillance during such events '*” and there are numerous examples of SS having been

170-173 174 175

deployed for sporting events , religious pilgrimages and festivals or political

conventions.'70 177

One of the key applications of SS is the provision of reassurance to decision makers of the
absence or lack of unusual morbidity and mortality amongst the population as was the case
during the 2012 Olympics. To provide that reassurance, however, confidence in that system
is necessary. Success of SS systems, and that confidence in their capabilities and limitations
is dependent on sustainability, and integration into existing surveillance pathways and again
the relationships between the surveillance team and decision makers were key.'® The system

described in the 2012 Olympics ° was well rehearsed prior to the games, and was integrated
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within existing surveillance and stakeholder networks. It has subsequently been described as
a ‘legacy’ of the Olympic Games in England.!”® In Paper Five, the key finding was that of
the role of reassurance to decision makers which SS systems played, and again in the

relationships between operators and key stakeholders.

Despite the clear importance of professional relationships and networks during mass
gatherings, SS of MGs is another area which will benefit from advances in data capture, rapid
analysis and technologies. Baselines are key to effective operation of systems, however
Paper Five identified the importance of denominator populations; and how they may change
as result of an MG. MG’s necessarily cause changes in populations (and differences in
utilisation of healthcare); be it influx of athletes, spectators or pilgrims or the efflux of local
populations. Population level movements have been used to predict the spread of emerging
infectious disease !’ and during the current COVID-19 pandemic, tracking human movement
behaviours have allowed monitoring of the impact of societal-level interventions.'®® During a
mass gathering event, there are a range of data sources which are potentially available to
understand human movement data; mobile phone data records have been used to track the
mobility of over 15 million Kenyans and correlate spatially-explicit phone data with malaria

182 and at an even

incidence.!®! Commuter data has been used to model local movements
more local level, the collection of real-world data from wearable devices merged with
environmental and location data via deep learning approaches can predict emotional state.'®3
Alongside understanding of the population movements during mass gatherings, the real-time
monitoring of mass gatherings through the use of geo-tagged social media feeds such as
Twitter can provide situational awareness '** both in terms of sentiment analysis '3 and

disease detection; although it is clear that further work is necessary for validation of such

systems. '8¢

These types of data gathered through the ‘internet of things’ offer great potential for insight
during mass gatherings. However, these very granular — and highly personal — data streams,
of course raise privacy and ethical issues.'®’ 138 The ethics surrounding SS have been
considered since close to its outset; with an expert meeting convened during 2007 which
recognised the dichotomy between individual rights around privacy, confidentiality, the lack
of implicit consent for data sharing and the governmental needs of protecting the
population.'® A recent paper *° describing the ethics of communicable disease surveillance

highlight some pertinent risks specific to SS; firstly it points to a perceived lack of
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transparency of methods and indicators which can lead to errors, such as the Google ‘Flu
Trends initial failures.!® Secondly; a risk is that some data sources do not capture basic
demographics which may lead to a failure to determine if under-represented groups are
appropriately captured in the systems, become disadvantaged as a result and conventional
epidemiological research tools are difficult to apply to syndromic data. Perhaps
prophetically, lastly the argument is made that the most important risk is that of public fear,
ignorance and mistrust and that “ill-informed media scrutiny and political risk aversion could
prevent or delay the incorporation of de-identified personal health data into Big Data —
based public health surveillance, despite the benefits ”.'°° At the time of writing this thesis,
the date for the ‘general practice data for planning and research’ programme of work unifying
general practitioner records into one pseudo-anonymised database for research has been
delayed from 01 July 2021 to 01 September 2021 largely due to public concerns, and the
government facing legal challenge.'®! These ethical issues are particularly acute around mass-
gathering surveillance, where necessary enhanced surveillance (which can often become
routine business) is introduced and may be at odds with the reasons the public attend the
gathering. The argument that a framework to guide policy, minimise risk and build public

trust is necessary becomes especially pertinent during a MG setting.
10.5 IMPACT OF INDEXED WORKS

The field of SS in academic literature is currently relatively small and does not attract a huge
number of citations. The work submitted in this Thesis has been completed as a collaboration
with the ReSST within Public Health England and the major impact of the work has been the
application of the indexed works in public health practice. The work which has been
submitted in this thesis has a significant impact on the operation of ReSST and in

acknowledgement won a National PHE Prize for translational research.

The extensive observational study that investigated the ability of systems to identify
outbreaks of GI disease found that systems would not reliably identify GI outbreaks. This
often previously cited possible function of SS was demonstrated to be ineffective; the result
has been that information on GI related syndromes is provided with evidence-based caveats
and allowing ReSST to provide a more accurate picture to decision makers on systems’

abilities.
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The work on describing the experience of SS during the 2012 Olympics has been used when
both the ReSST and PHE Global Health teams have advised other countries on the
development of similar systems during Mass Gatherings and will directly inform planning of
use of these systems during the Commonwealth Games, planned for Birmingham 2022. As a
result of this work, I was invited to Rio de Janeiro, Brazil as an expert in SS to help in the
translation of the research in developing new, participatory surveillance systems in advance

of the 2016 Rio Olympics.

The paper on allergic rhinitis, using SS data combined with other data sources have not yet
had chance to accrue citations, but the methods which were employed during its development
have influenced future research approaches within the ReSST team. The same methodologies
have been employed, combining unique datasets to provide new insights into important
conditions such as asthma and the link with health inequalities. Syndromic data had rarely

been used to describe such links before.

The work developing a pilot ambulance SS System in the West Midlands directly informed
and led to the development of the world’s first Nationwide Ambulance SS System (NASS)
which has recently started operation. The same platform, development codes, indicators and
template outputs developed during the pilot study were adopted in the National system,
which is currently in operation and providing novel insights into activity at the severe end of

the disease spectrum.

From the body of work presented here, there is a significant role for large, healthcare related
data to support both surveillance and epidemiology. There were a series of recommendations
based on the findings which have been adopted by the ReSST team and have had direct
policy implications. These broad recommendations, and the impact of these are listed in

Table D.

Table D: Adopted Policy and Key Strategy Recommendations from Indexed works in this

thesis, and where available applicable evidence

e There is Public Health utility in an Ambulance Dispatch Data SS System, and this
would bolster the current suite of SS systems operated in England. This paper and
work led to the CEQ'’s of the ten Ambulance Trusts in England agreeing to data

sharing to create the National Ambulance Dispatch Data SS System, which is the
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first of its kind to be operated on a National basis. This work has also opened up
discussions with CEOs of Scottish, Welsh and Northern Ireland ambulance Trusts
to develop a UK-wide ambulance surveillance system.
There is added utility in operating a ‘suite’ of SS systems across the spectrum of
illness type and severity. This supported the expansion of the ReSST to include the
NADSS from the severe end of the spectrum and enhance capabilities at the less
severe end of the spectrum, leading to the development of a supplementary SS
system monitoring NHS online assessment data to support COVID-19 and
‘business as usual’ needs.
The utility of SS systems in England to detect outbreaks of sub-regional GI
outbreaks is limited for this purpose. The supporting literature on this topic is
equivocal as to the utility of SS systems. However, Paper Four provided a real-
world assessment of the systems in England. As such, this is considered the most
reliable assessment of ReSST systems and as such, messages to stakeholders in
relation to GI are caveated that systems may not reliably identify GI outbreaks at
the local level.
Data used by SS can be effectively combined with other data sources to provide
significant insight into healthcare behaviours associated with non-infectious disease
epidemiology, in terms of socio-economic, demographic and geographic
distribution, and modelling to understand the relationship with other variables. 7he
indexed papers on Allergic Rhinitis were able to describe multiple novel findings
relevant to healthcare planning, and in the context of a changing climate.
However, they were also able to demonstrate the effectiveness of these data for this
purpose; subsequent work has built on the methodologies described for other non-

infectious diseases such as Asthma.
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10.6 CONCLUDING REMARKS

This PhD is written at an opportune time. The ongoing COVID-19 pandemic has
highlighted the importance of ‘data’ and ‘surveillance’ and coincides with the confluence of
generalised increased data collection, processing power and new computing techniques
during the last two decades, which have the potential to revolutionise insight into the health

state of the population.

The title of this thesis is ‘using large scale datasets to support epidemiology and surveillance',
and it clear from the examples provided how this can be achieved in the context of SS
delivery, both in real-time, and using these collated data to generate new epidemiological
insight. Through the indexed works, and how they are contextualised in the current literature,
it has been possible to explore some of the key issues and applications of SS; from
developing systems using novel data sources, understanding how effective these systems are
(and their limitations) in their original remit of outbreak detection and in supporting mass
gatherings to the emerging and critical role they are beginning to play in elucidating

information in non-infectious epidemiology.

At the outset of the thesis four specific research questions were outlined, which have
subsequently been discussed extensively and evidenced by the indexed papers and supporting

literature. In summary;

Research Question One: How can different data sources be used for the spectrum of SS

purposes, and specifically what additional utility does ambulance data bring?

There is a large, and growing range of data sources which can have utility for SS purposes.
Importantly, matching that data source to the research question which is being asked is
critical, and we argue that there is a ‘spectrum’ from which different data sources can add
public health insight which broadly matches the spectrum of disease severity in which
individuals might use to present to healthcare. Ambulance data represents the more ‘severe’
end of that spectrum and offers potential utility in enhancing the current suite of systems

operated in the England.
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Research Question Two: What is potential of UK SS systems to provide insight into non-

infectious disease epidemiology?

By using two case studies demonstrating the usage of syndromic data, combined with other
large-scale datasets, we were able to demonstrate the role that data used for SS purposes can
play in providing non-real time insights into non-infectious disease epidemiology. These
multiple, rich data sources offer the opportunity to understand socio-economic, geographic
and temporal distribution of healthcare presentations, and how they associate with other

possibly explanatory variables.

Research Question Three: What is the utility of SS in detection of outbreaks of infectious

Gastrointestinal disease?

We were not able to fully answer this question but based on the pragmatic results found in the
indexed paper, we were able to determine that SS systems in England at the time would not
have reliably identified large, sub-regional outbreaks of infectious Gastrointestinal disease,

and as such, we anticipate the utility is limited.

Research Question Four: What is the utility of Syndromic Surviellance during Mass

Gatherings?

Using the case study of the London 2012 Olympic and Paralympic Games, which was one of
the largest Mass Gathering events in England during recent history, we were able to
demonstrate the applicability and effectiveness of SS systems in England of providing near-
real time information on community morbidity to stakeholders and decision-makers.
Importantly, the role of reassurance of the lack of increased pressure on healthcare services

due to any cause, was a key finding and role of SS during the 2012 Olympics.

Much of the literature surrounding SS is focussed on the data science aspects, perhaps
naturally due to the large data sets and complex analytics that form its basis. However, far
less reported is the human aspects; the stakeholder relationships and epidemiological risk
assessments which turn the data and statistical aberration alarms into public health action.
The papers presented in this Thesis on the Olympics, developing the ambulance system and

identifying GI outbreaks focus on the daily operation of SS; and the importance of people is
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evident throughout and should be a key part of the growing evidence base for SS going

forward.

These operation-focussed papers also highlight the importance that the data sources form part
of a “suite” of systems, and a ‘service’, rather than stand-alone data sources. This provides
multiple benefits, allowing observed events to be triangulated with information from other
systems (and vice versa), the sharing of development and operational expertise, and
additional resilience in the event of problems with a single system; and as demonstrated can

cover the spectrum of community disease states and severity.

As demonstrated through contextualising these papers, there are increasing opportunities to
use novel and developing technologies to improve SS, and techniques such as machine
learning will undoubtedly play a role. This confluence of increasingly large and available
datasets also allows the potential for greater insight into non-infectious diseases, and
understanding socio-economic and differences in presentation, as evidenced during Theme

Two.

The seismic shifts in analytics capability, and the global COVID-19 pandemic have
highlighted the importance of the small but growing speciality of SS.
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