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Abstract

Introduction: Acute respiratory infection (ARI) surveillance systems generate essential
intelligence to help health authorities protect the public from the consequences of epidemic
and pandemic-prone pathogens such as influenza. This Doctor of Philosophy thesis
explores how data from primary care computerised medical records (CMRs) can be
used to strengthen surveillance of ARIs. Specifically, it describes the development and
evaluation of timely population-level severity indicators of ARIs derived from primary
care CMRs.

Methods: The thesis consists of four pieces of work: (1) defining an algorithm for the
identification of episodes of ARI from the CMR; (2) a systematic review to identify
possible markers of severe disease relevant to ARIs in primary care; (3) an assessment of
the data quality of these severity markers in the primary care CMR; and (4) a retrospective
evaluation of these severity markers to determine their suitability for use in prospective
public health surveillance of ARIs.

Key findings: The case detection algorithm provided a unified and flexible approach that
increased sensitivity for identifying ARIs and established a suitable cohort for assess-
ing severity. The systematic review identified 30 potential severity markers, comprising
seven severe outcomes and 23 more timely predictors of severe outcomes. Severe out-
comes included death, hospitalisation, intensive care admission, and complications, while
predictors included symptoms, signs, investigations, treatments, and healthcare utilisation
markers. The data quality of severity markers varied significantly and was heavily affected
by the pandemic. Several predictors showed strong potential as timely severity indicators,
with some symptoms, signs, and healthcare utilisation markers demonstrating significant
associations with severe outcomes.

Conclusions: This thesis demonstrates that primary care CMR data can be used to
create timely severity indicators for ARIs. Future work should focus on piloting severity
indicators prospectively and in near real time and improving the recording of severity
markers. This could provide a pathway to the implementation of reliable and timely
severity indicators for routine public health surveillance.
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Lay summary

This lay summary was created following feedback from a patient and public involvement
(PPI) workshop, the details of which are described in Appendix A5.

What is this research about?

This work aims to help health authorities identify when and where outbreaks of serious
lung infections (such as flu, COVID, or pneumonia) are happening across England. This
is particularly important during the winter, when many different bugs are circulating, and
during pandemics such as COVID.

Why this is important?

By knowing where and when these increases are happening, support can be given to GP
practices and hospitals where it is needed. For example, additional staff or hospital beds
could be provided, vaccination programmes expanded, or, in extreme situations, public
health measures such as lockdowns considered. This will also help people get the treatment
they need and can stop the bugs from spreading to other people.

How we are doing this

We use information written by GPs in patients’ medical notes to count how many infections
are occurring around the country. We can then look at which infections are serious, and
monitor how many serious infections are happening in different parts of the country.

What this means for the public

By improving the way we track serious lung infections, health services can respond more
quickly when problems arise. This means better planning and more support where it is
most needed. In the long run, it also helps protect people from the worst effects of winter
infections and prepares the country to deal with future pandemics.
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Chapter 1

Introduction

1.1 HISTORICAL CONTEXT

In the 17th century, recurrent episodes of the plague had a devastating impact on London

society, with some outbreaks causing the death of over 15% of the population [1]. During

this period, the Company of Parish Clerks in London reported and disseminated a weekly

tally of deaths across 130 parishes [2]. These ‘Bills of Mortality’ served as an early

warning system for plague and helped determine areas of the city to be ‘shunned and

avoided’ [3]. The Bills of Mortality represent an early example of the use of routinely

collected data for public health surveillance that is broadly consistent with the modern

definition (Table 1.1) [4]. They also highlight the longstanding importance of timely

reporting of disease severity to inform public health decision-making, which continues to

be relevant today.

Table 1.1: World Health Organization definition of public health surveillance

The World Health Organization (WHO) defines public health surveillance as the systematic ongoing

collection, collation and analysis of data for public health purposes and the timely dissemination of public

health information for assessment and public health response [5].

As with the plague in earlier centuries, major epidemics and pandemics of influenza have

inflicted a substantial burden on the global population, with the 1918 Spanish influenza

pandemic estimated to have caused 50 to 100 million deaths globally [6]. In response

to the threat from influenza, global public health surveillance systems have adapted and
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innovated. The World Health Organization (WHO) Global Influenza Surveillance and

Response System (GISRS) was established in 1952 in response to growing concern about

the potential impact of pandemic influenza and has evolved into a critical defence against

seasonal viruses and viruses of pandemic potential [7]. Most recently, the COVID-19

pandemic has reinforced the ongoing threat of emerging respiratory viruses and highlighted

the need for continued technological innovation to mitigate this risk [8].

A relatively recent advance in respiratory virus surveillance has been the increasing use of

computerised medical records (CMRs), which have largely replaced paper-based patient

notes by digitally recording patients’ interactions with health services [9]. Their strengths

for surveillance include their large and representative sample sizes, the breadth and richness

of the clinical information captured, and the ability to provide timely, near real-time data

feeds. During the COVID-19 pandemic, CMRs were recognised as a valuable resource for

monitoring disease trends and informing decision-making [10]. Despite these advantages,

challenges remain: because CMRs are collected primarily to support clinical care and

administrative processes, one cannot assume the quality of the data is sufficient to meet

the specific requirements of surveillance.

This Doctor of Philosophy (DPhil) sets out to strengthen surveillance of acute respiratory

infections (ARIs) through the development and evaluation of population-level severity

indicators derived from primary care CMRs. This can support data-driven public health

interventions and ongoing efforts to prepare for seasonal outbreaks and future pandemics.

In doing so, it seeks to leverage the advantages of these data while remaining mindful of

their inherent limitations. In this introduction, I outline the current landscape of respiratory

virus surveillance, describe the challenges of measuring population-level severitys, and

summarise how primary care CMRs may offer a potential solution to these challenges.

1.1.1 Surveillance of acute respiratory infections

The aims of ARI surveillance are multifaceted. They include providing early warning of

epidemics and pandemics, monitoring geographical spread, assessing disease severity, and

2
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generating evidence to guide public health interventions [11]. Intelligence from respiratory

surveillance systems can inform decisions such as the timing of United Kingdom (UK)

primary care antiviral prescribing based on influenza activity, intensive care unit (ICU)

capacity planning during seasonal respiratory syncytial virus (RSV) surges, and vaccine

strain selection through GISRS [12–14]. During the COVID-19 pandemic, surveillance

data also guided lockdowns and vaccine roll-out [15, 16].

To achieve these objectives national public health systems typically employ a range of

surveillance operations, with national data then feeding into international programmes

such as GISRS. Surveillance activities in the UK are coordinated by the United Kingdom

Health Security Agency (UKHSA) and include laboratory-based reporting of respiratory

pathogens through the Second Generation Surveillance System (SGSS) and the Respiratory

DataMart, as well as secondary care surveillance systems that monitor the incidence of

pathogen-confirmed disease among patients admitted to sentinel hospitals. In addition to

these components, a major contributor to UK ARI surveillance is primary care CMR-based

surveillance, which uses data from general practice consultations to monitor respiratory

infection trends across England.

1.1.2 Primary care-based ARI surveillance in England

The Oxford–Royal College of General Practitioners Research and Surveillance Centre

(RSC) is one of Europe’s longest-running primary care sentinel surveillance systems [17].

Established in 1967, the RSC is a network of English primary care practices that provides

weekly reports on a number of clinical conditions, including a range of respiratory syn-

dromes that were originally mapped to the clinical terminology International Classification

of Diseases (ICD). From its inception through to the onset of the COVID-19 pandemic, the

key respiratory indicator was influenza-like illness (ILI), which served as the cornerstone

of national primary care influenza surveillance and was used as a proxy for estimating

influenza activity in the community .

In 1992, the RSC introduced seasonal virological sampling, enabling linkage between
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clinical ILI data and laboratory-confirmed influenza [17]. This advance allowed timely

detection and characterisation of influenza strains circulating in primary care populations.

The importance of this system was underscored during the 2009 H1N1 swine influenza

pandemic, when clinical reporting from participating practices provided early signals of

the arrival and spread of the novel virus in the working-age population [18].

Despite previous successes, ILI proved to be an unreliable indicator of severe acute respi-

ratory syndrome coronavirus 2 (SARS-CoV-2) activity during the COVID-19 pandemic.

Several factors likely contributed to this limitation, including major changes in health-

care access and consultation behaviour, the lack of suitable clinical codes for recording

COVID-19 presentations in primary care, and the atypical symptom profile of COVID-19

compared with influenza. These challenges highlighted the need to expand surveillance

beyond ILI to capture the broader spectrum of ARIs.

In the aftermath of the COVID-19 pandemic, the GISRS has led efforts to transition toward

integrated surveillance of respiratory pathogens with epidemic and pandemic potential

[19, 20]. In line with this strategy, national surveillance systems have increasingly shifted

focus from ILI to the broader clinical syndrome of ARI, which better reflects the diverse

presentations caused by multiple respiratory viruses (Table 1.2). Case definitions used in

this DPhil can be seen in Appendix A1.1.

Table 1.2: Definition of acute respiratory infection (ARI) for surveillance

For the purposes of this DPhil, acute respiratory infection (ARI) refers to a surveillance syndrome used

to capture the full range of respiratory presentations caused by a variety of pathogens. ARI encompasses

more specific syndromes such as influenza-like illness (ILI), upper respiratory tract infection (URTI), and

lower respiratory tract infection (LRTI).

Over the decades, the RSC has substantially expanded in both scope and capability. It

currently receives CMR data from more than 18 million patients registered across ap-

proximately 1,800 primary care practices in England. Patient-level data are transmitted
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directly from IT providers and are securely held on the Oxford Clinical Informatics Digital

Hub (ORCHID) servers at the University of Oxford. The data are pseudonymised, making

the identification of individuals extremely unlikely. They include all key demographic

information and date-stamped clinical events such as diagnoses, symptoms, signs, investi-

gations, treatments, and vaccinations. No free-text data are received. Data from member

practices are received in near real time, with a typical lag of two to four days. This enables

the production of timely surveillance reports (Figure 1.1 and 1.2) [21].

Figure 1.1: Weekly incidence of influenza-like illness (ILI) per 100,000 population, as reported
by the Oxford–RCGP Research and Surveillance Centre (RSC) weekly report.

5



Chapter 1

Figure 1.2: Weekly percentage of swabbed samples positive for influenza among patients with
influenza-like illness (ILI), from the Oxford–RCGP Research and Surveillance Centre (RSC)

weekly report.

Surveillance indicators are the essential quantitative metrics that allow a given surveillance

concept to be monitored. For respiratory surveillance, indicators typically include the

incidence of ARI and case positivity. Incidence allows tracking of the amount of disease

occurring in the surveillance population and case positivity represents the proportion of

clinical cases that test positive for a given pathogen, such as influenza or SARS-CoV-2

[22].

Currently, the RSC supplies UKHSA with an ARI-focused weekly report detailing the

incidence of several respiratory clinical syndromes, including ILI, and case positivity

rates for a number of respiratory viruses, including influenza, SARS-CoV-2, and RSV.

Figures 1.1 and 1.2 show examples of ILI incidence and influenza case positivity trends

from the RSC weekly surveillance report. Currently the RSC does not report population-

level severity.
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1.2 POPULATION-LEVEL SEVERITY

The WHO Pandemic Influenza Severity Assessment (PISA) and United States Centers

for Disease Control and Prevention (CDC) Pandemic Severity Assessment Framework

(PSAF) recognise population-level severity as an essential surveillance indicator for ARIs

that can complement incidence estimates [23, 24]. Whereas incidence estimates how

much disease is occurring in the community, severity reflects the extent to which a virus is

associated with adverse outcomes (Table 1.3). When combined, these measures provide a

more complete picture of community threat, as for a single level of incidence the impact

of a virus may vary substantially depending on the associated population-level severity.

The combination of incidence and population-level severity therefore supports national

and regional risk assessment of circulating respiratory pathogens, enabling more targeted

and data-driven allocation of resources and public messaging (Figure 1.3) [25, 26].

Table 1.3: Definition of population-level severity

Population-level severity refers to the seriousness of disease in a population, measuring the extent to

which circulating respiratory pathogens are associated with adverse outcomes such as hospitalisation,

intensive care admission, or death. In the WHO’s PISA framework, this corresponds to the seriousness of

disease dimension and complements measures of incidence to estimate overall impact [23].
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Figure 1.3: Relationship between incidence, clinical severity and its impact on the
health care system. X-axis: clinical severity. Y-axis: incidence. Letters A–D reflect
different potential scenarios, where D represents high incidence and high clinical

severity resulting in the greatest impact on society. The coloured boxes reflect how each
scenario could result in differing impacts on the health system. Adapted from Reed et al

[24].

In Figure 1.3, four scenarios are illustrated. Scenario A represents low incidence and low

severity of disease, where the health service is likely to experience lower levels of strain.

In contrast, Scenario D represents the most concerning case, with high incidence and high

case severity, which is likely to place significant strain on both primary and secondary

care services. Scenarios B and C represent the cases where there is high incidence and

low severity and low incidence and high severity, respectively. In reality, the situation is

more dynamic, with both incidence and severity varying across a continuum of values.

The WHO and CDC describe the case hospitalisation ratio (CHR) and case fatality ratio

(CFR) as key severity indicators [23, 24]. These indicators measure the percentage of cases

resulting in hospitalisation or death. A more generic severity indicator can be considered

as a simple ratio where the denominator is the number of ARI episodes occurring over a

given time period and the numerator represents the number of those episodes with severe

disease in that same period. Table 1.4 describes how a generic severity indicator is defined

within this DPhil.
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Table 1.4: Definitions of severity indicator and severity marker

A severity indicator is a population-level measure that quantifies the proportion of acute respiratory

infection (ARI) cases with severe clinical disease. It is typically expressed as a ratio, with the denominator

representing the total number of ARI cases and the numerator representing those episodes meeting

predefined severity criteria. For a given period 𝑝, a generic severity indicator can be written as:

SI𝑝 =
Number of severe cases in 𝑝

Total number of cases in 𝑝

In this DPhil, an ARI case represents an individual with a clinical syndrome consistent with an acute

respiratory tract infection, regardless of whether a microbiological diagnosis is known.

A severity marker is a criterion used to define whether an ARI case is counted as severe and therefore

determines the numerator of a severity indicator. In this DPhil severity markers may be classified as:

• Severe outcomes are hard outcomes such as hospitalisation or death.

• Predictors of severe outcomes are potential early markers of severe disease such as symptoms, signs

or treatments. This will be explained in detail in later stages of the DPhil

1.3 THE PROBLEM

Despite the advantages of measuring population-level severity, several challenges limit its

accurate and timely reporting, reducing its ability to inform public health interventions

during an outbreak [26]. Outcome reporting is often delayed, in part due to the inherent

lag between the onset of an ARI and the occurrence of an outcome [27]. This is further

compounded by delays in compiling outcome data, such as deaths, and by slow data

analysis pipelines [28–30].

Estimates of population-level severity early in an outbreak are often unreliable [31]. This

can occur for several reasons. Firstly, at the beginning of an epidemic, small numbers

of laboratory-confirmed cases and low death counts can lead to volatility, where minor
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fluctuations cause large proportional changes in severity estimates [23]. For this reason,

the WHO recommends reporting cumulative CFRs biannually to produce more stable

estimates. These are therefore not timely.

Secondly, epidemic phase bias can arise when using outcomes such as hospitalisation or

death early in an outbreak. When incidence is rising, severity may be underestimated

because many individuals have not yet had sufficient time to experience an outcome. In

contrast, when incidence is declining, more individuals will have had the infection for

longer, inflating severity estimates [32].

Thirdly, case ascertainment bias can lead to overestimation of severity due to early testing

being concentrated among health-seeking populations with clinically more serious disease.

During the 2009 swine flu pandemic, such bias was thought to have contributed to initially

high estimates of the CFR, which were later shown to be inaccurate [26, 33, 34].

Finally, the absence of accurate baseline estimates of population-level severity makes

interpretation of early outbreak data challenging [26].

Table 1.5: Challenges of measuring population-level severity

Inherent lag: Outcomes such as hospitalisation or death occur days or weeks after infection, creating

unavoidable delays in estimating severity [27].

Delayed reporting: Administrative processes such as hospital data collation and death registration add

further delays to availability of outcome data, especially because reporting is only done on discharge.

[26].

Small numbers and volatility: Early in outbreaks, there are low numbers of laboratory-confirmed cases

and deaths, so even minor fluctuations can lead to large proportional changes (high volatility) in estimates

[23].

Selection bias: Early data are often derived from sicker or hospitalised patients, leading to inflated

estimates of severity compared with the general population [33, 34].

Lack of baseline comparators: Without robust seasonal baseline data, it can be difficult to contextualise

the severity of novel outbreaks against previous seasons [26].

Continued on next page
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Table 1.5: Challenges of measuring population-level severity (continued)

Summary: These challenges contribute to delays in the availability of accurate population-level severity

estimates, particularly during the early stages of outbreaks.

1.4 THE POSSIBLE SOLUTION

Using primary care CMRs could provide a more timely and less biased approach to

defining severity indicators for ARI. Large primary care datasets, such as those from the

RSC, are often representative of the wider population and contain rich information on

some severe outcomes and potential predictors of severe outcomes such as symptoms,

signs, and treatments that can be used to define severity. They are potentially more timely

than hospital-based indicators because patients with ARI typically seek primary health

care early in the course of illness, offering an opportunity to identify severe cases sooner.

In addition, the large volumes of data available from primary care help to reduce the

volatility seen in severity estimates, which is often a problem when using smaller samples

or rare outcomes such as deaths or ICU admissions.

Population-level severity indicators derived from primary care CMRs could have several

important applications. They could complement existing incidence measures to provide a

fuller picture of the impact of circulating respiratory pathogens, helping to identify which

seasons or epidemics are associated with more severe disease. Timely severity estimates

could support health system preparedness by providing early warning of potential winter

pressures and informing the allocation of resources across primary and secondary care.

Understanding how unwell people are tending to get when infected can also help with

accurate public health messaging. In the context of a pandemic, such indicators could

contribute to rapid risk assessment, guide non-pharmaceutical interventions, and support

evaluation of the effectiveness of vaccines or treatments.
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1.5 KEY DEFINITIONS USED

Here I present the specific definitions of key concepts used in this DPhil. These can also

be found in the glossary. Throughout the course of this DPhil these concepts will appear

repeatedly.

Acute respiratory infection (ARI)

A surveillance syndrome used to capture the full range of respiratory presentations caused

by a variety of pathogens. ARI encompasses more specific syndromes such as influenza-

like illness (ILI), upper respiratory tract infection (URTI), lower respiratory tract infection

(LRTI) and exacerbations of chronic lung disease (ECLD).

Population-level severity

A measure of the seriousness of disease at the population level, reflecting the extent to

which circulating respiratory pathogens are associated with adverse outcomes such as

hospitalisation, intensive care admission, or death. In the PISA framework, this corre-

sponds to the seriousness of disease dimension and complements measures of incidence

to estimate overall impact.

Surveillance indicator

A quantitative measure derived from surveillance data that describes monitoring of a

specific surveillance concept over time. Typically, for ARI surveillance these are incidence,

case positivity or population-level severity. Changes in the indicators over time, for

example an increase in incidence, can indicate impending public health pressures.

Severity indicator

A type of surveillance indicator that specifically quantifies the proportion of ARI episodes

resulting in severe outcomes within a defined period. It is typically expressed as a ratio,
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where the denominator represents the total number of ARI episodes and the numerator

represents those episodes meeting predefined severity criteria (i.e., severity markers).

Severity marker

Severity markers are the criteria used to decide whether an ARI episode is classified as

severe. They include two main types: severe outcomes (e.g., hospitalisation or death) and

predictors of severe outcomes (e.g., symptoms, signs, or treatments). Severity markers

therefore define the numerator of severity indicators.

Severe outcome

A type of severity marker representing a definitive endpoint of disease, such as hospital-

isation or death. Severe outcomes are reliable but are usually less timely because of the

lag between symptom onset and the outcomes and delays in the availability of associated

data in the primary care CMRs.

Predictor of severe outcome

A type of severity marker representing a characteristic recorded around the time of ARI on-

set, such as symptoms, signs, or treatments, that may predict subsequent severe outcomes.

Predictors are more timely than severe outcomes and can support earlier assessment of

severity.

1.6 SUMMARY

The importance of timely indicators of severity during infectious disease outbreaks is as

relevant today as it was in 17th-century London. Although technology and methods have

advanced, the fundamental need remains unchanged. Delays in reporting and inaccurate

early estimates continue to limit the ability of severity measures to prospectively inform

public health decision making. Innovations such as the use of primary care CMRs offer an
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opportunity to overcome some of these hurdles by improving the accuracy and timeliness

of population-level severity reporting for ARIs, though the quality of these data presents

a potential limitation that must be carefully considered. This DPhil aims to use primary

care CMRs to develop and evaluate population-level severity indicators, thereby enhancing

respiratory surveillance and supporting preparedness for emerging epidemic threats.

1.7 AIMS AND OBJECTIVES

The overall aim of this DPhil is to develop and evaluate severity indicators for ARIs,

derived from primary care CMRs, in order to strengthen public health surveillance. The

work is presented in four main chapters, each addressing a distinct objective.

1.7.1 Chapter 2: Accurate identification of ARI cases

Rationale: In order to develop severity indicators, accurate identification of ARI cases

is essential. This forms the basis of the ARI severity indicator denominator. Aim:

Development and validation of a new ARI case detection algorithm, referred to as the ARI

digital phenotyping algorithm. Methods: Use of clinical code lists to develop a sharable

phenotyping algorithm, with face and internal validation against an existing algorithm.

1.7.2 Chapter 3: Identification of candidate severity markers

Rationale: To construct severity indicators, candidate severity markers must be identified.

These severity markers represent the specific criteria used to determine whether a case

is severe or not. The number of cases meeting this criterion form the numerator of the

severity indicator. Aim: To identify severe outcomes or predictors of severe outcomes

that could serve as severity markers for ARIs and be used to construct population-level

surveillance indicators. Methods: A systematic and expert review to identify a list of

candidate ARI severity markers.
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1.7.3 Chapter 4: Assessment of the data quality of candidate severity markers

Rationale: Primary care CMR data are collected to support patient care; any secondary

use of this data should be preceded by an evaluation of data quality to ensure it is fit for

the intended secondary purpose. Aim: To assess the data quality of candidate severity

markers in the primary care CMR. Methods: Retrospective cohort study assessing the

completeness and temporal stability of severity marker recording.

1.7.4 Chapter 5: Evaluation of severity markers

Rationale: Prior to use in a prospective surveillance system candidate severity mark-

ers must be evaluated. Aim: To evaluate whether more timely predictors of severity

are associated with severe outcomes and could therefore be used in prospective surveil-

lance. Methods: A retrospective cohort study assessing the individual-level and weekly

aggregate-level association between predictors of severe outcomes and the severe outcomes

themselves.

1.7.5 Ethics statement

Ethics approval was obtained from the University of Oxford Central University Research

Ethics Committee (CUREC) for all aspects of this work. Ethics Approval Reference:

R92694/RE001.
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Identifying cases of acute respiratory infection

2.1 INTRODUCTION

In the context of CMRs, a digital phenotyping algorithm (PhA) is a computer program

used to identify individuals with a given characteristic from the raw data [35, 36]. These

algorithms have a number of applications including health care quality improvement

programs such as the Quality and Outcomes Framework (QoF), observational research

and interventional trials [37, 38]. Respiratory surveillance systems need PhAs to identify

cases of ARI from the CMR.

For CMR-based ARI surveillance the PhA underpins all principal surveillance objectives.

Without it, neither the weekly incidence nor case positivity rates for respiratory viruses

can be derived. By extension, it is therefore the foundation of any severity indicators

developed during the course of this DPhil. A logical first step in developing severit y

indicators is to ensure the PhA on which they are based is fit for purpose; this is the focus

of this chapter.

A PhA typically consists of three elements. Firstly, the clinical logic, which defines and

documents both the purpose of the algorithm and the reasoning behind its design. Sec-

ondly, some mechanism to directly identify cases of interest, typically lists of clinical codes

from a given terminology, such as Systematized Nomenclature of Medicine (SNOMED)

- Clinical Terms (CT) [39]. Finally, a computer program that implements the logic using

these code lists [35]. When run completely, the PhA will retrieve a cohort of the desired

cases.
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Periodically, PhAs must be reviewed. Over time, surveillance priorities change which can

influence clinical logic of a PhA. For example, respiratory surveillance has historically

focused on influenza, using ILI incidence as its principal indicator. However, following

the COVID-19 pandemic, there has been a shift towards ‘integrated surveillance’ of a

broader range of viruses, including SARS-CoV-2 and RSV [20].

Furthermore, technological advances can also impact on how code lists are defined and

implemented. In 2018, for all primary care practices in the UK, there was a mandatory

transition from older clinical terminologies (Such as Read) to SNOMED. Additionally,

regular updates to the SNOMED hierarchy result in addition and deactivation of codes.

Such changes would require a complete re-definition or a comprehensive review of code

lists used in a PhA.

In this DPhil I use the infrastructure at the RSC to develop severity indicators. The existing

PhA used by the RSC surveillance system, like others, previously focused on ILI, however,

during the pandemic it quickly evolved to also support surveillance of SARS-CoV-2 [40].

Nonetheless, an overarching ARI PhA fit for modern integrated surveillance has not been

developed.

In this chapter, I describe the development and validation of a new ARI PhA to ensure

severity indicators are constructed for a well-defined population of ARI cases. This

algorithm will embrace the principle of integrated surveillance and also defines new rule-

based SNOMED code lists. In addition to providing the foundation for severity indicator

development, the PhA will be integrated into existing RSC workflows and aims to improve

the accuracy of ARI surveillance reporting to our partners at UKHSA.

2.2 CHAPTER AIM AND OBJECTIVES

2.2.1 Aim

To develop a new ARI PhA and validate this by comparing it with the existing algorithm

used by the RSC.
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2.2.2 Objectives

1. Code list comparison: Compare the newly developed SNOMED code lists with

those from the existing algorithm.

2. ARI case comparison: Compare the SNOMED codes that identify ARI cases in

the new and existing algorithms, as well as the number of cases identified.

3. Weekly ARI incidence comparison: Compare the weekly incidence by age and

risk group of ARI computed using the new and existing algorithms.

2.3 METHODS

In the following methods section I start by describing key definitions and some important

background concepts. Specifically, I discuss the nature of the working group contributing

to the design of the PhA, the difference between intensional and extensional code lists

and how this difference relates to the underlying structure of SNOMED. Following this,

I briefly describe the existing algorithm and then the new algorithm including its clinical

logic and the SNOMED code lists. Finally, I discuss how each objective was addressed.

2.3.1 Key definitions used

In this chapter, I use several technical terms specific to digital phenotyping and clinical

terminologies. These are set out in Table 2.1.
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Table 2.1: Key definitions used in chapter 4

Term Definition / Explanation

Digital phenotyping

algorithm (DPA)

A computable definition used to identify individuals with a given

characteristic from raw primary care computerised medical record

(CMR) data. It comprises: (1) clinical logic defining the concept

and purpose, (2) clinical code lists representing the concept in the

terminology, and (3) executable code implementing these

definitions. In this thesis, the DPA identifies cases of ARI from

primary care CMRs.

Level Refers to the hierarchical structure of the ARI DPA’s clinical logic:

Level 1: all ARI cases combined; Level 2: major subtypes (URTI,

LRTI, ILI, ECLD, ARI–NOS); Level 3: specific clinical syndromes

(e.g. pharyngitis, bronchitis).

Clinical terminology A structured vocabulary used to record, classify, and retrieve

clinical information in CMRs. In this thesis, the terminology used is

SNOMED CT, the mandated coding system in the NHS.

SNOMED CT A comprehensive polyhierarchical clinical terminology encoding

clinical concepts and their logical relationships. Each concept has a

unique identifier and may have multiple parents, allowing

classification under several hierarchies (for example, upper

respiratory tract infection is both an infectious disease and a

respiratory condition).

Expression constraint A logical statement written using the SNOMED Expression

Constraint Language (ECL) that defines rules for selecting concepts

from the SNOMED hierarchy. Operators such as «

(descendantOrSelfOf ) and MINUS (exclude) are used to create

dynamic, rule based code lists.

Continued on next page
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Table 2.1: Key definitions used in chapter 41

Term Definition / Explanation

Intensional code list A code list defined by logical rules or expressions using the

SNOMED hierarchy to dynamically include or exclude relevant

concepts. For example, it may include all descendants of “upper

respiratory infection” except those classified as chronic diseases.

Extensional code list A code list defined by explicitly enumerating individual SNOMED

codes. Unlike intensional lists, extensional lists are static and

require manual updating when terminology hierarchies change.

2.3.2 Working group

I developed our new clinical logic and code lists through discussion with clinical infor-

maticians and public health experts actively working in CMR-based surveillance. This

group were well placed to inform this process due to their collective experience.

The clinicians included are actively practicing and familiar with the nature of ARI presen-

tations in primary care. They also understand how data is entered into the clinical systems,

including the common SNOMED codes in use. As all clinicians had experience in primary

care informatics including clinical terminologies they were also trained to effectively use

the SNOMED hierarchy.

Public health representatives were individuals currently working at UKHSA in the field of

respiratory virus surveillance and included those responsible for interpreting surveillance

reports supplied by the RSC. This ensured the clinical logic met UKHSA expectations.

2.3.3 Intensional versus extensional code lists

Code lists used in PhAs can be defined either extensionally or intensionally [41]. In

general, an intensional (not to be confused with intentional) definition defines a concept
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by rules or logic, whereas, an extensional definition is the thing itself. For example, all odd

numbers < 10 would be an intensional definition and {1, 3, 5, 7, 9} would the extensional

equivalent.

In an extensionally defined code list, individual codes are explicitly enumerated, requiring

a review of all possible codes and inclusion or exclusion based on relevance. In contrast,

an intensionally defined code list is defined by specifying rules or criteria that leverage

the underlying ontological structure of a clinical terminology, such as SNOMED or ICD

[41, 42].

The rules used to define an intensional code list depend on the structure of the terminology

being used. These rules often take advantage of ontological relationships between codes,

particularly the hierarchical structure of a terminology. For example, a rule might specify:

‘Return the code for upper respiratory tract infection (URTI) and all its descendant codes’.

In contrast, the extensional version of the same list would require manually selecting the

parent code and each descendant individually.

Some evidence suggests that intensional code lists are faster to develop and more accurate

[41]. Additionally, they are dynamic and when new codes are added or removed from the

hierarchy, they are automatically included or excluded as appropriate. While they require

a clear understanding of ontological relationships and computational syntax, intensional

code lists are flexible and robust and more resilient to updates in the terminological

hierarchy than extensional lists.

2.3.4 SNOMED CT structure

SNOMED is a comprehensive clinical terminology developed by SNOMED International.

It is used to encode clinical and administrative health data and is the mandatory clinical

terminology used in primary care in the National Health Service (NHS). There are over

360,000 SNOMED codes in the international edition, organised into a polyhierarchy [39].

In a polyhierarchy, codes (except the top-level code) have one or more parents and zero
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or more children, unlike standard hierarchies such as ICD, where each code has a single

parent. A polyhierarchy better reflects the complexity of healthcare, as concepts can

belong to multiple categories. For example, an URTI is both a disease of the respiratory

system and an infectious disease.

In SNOMED, the rules used to intensionally define code lists are called expression con-

straints and the syntax used to represent these rules programmatically is called the Ex-

pression Constraint Language (ECL) [43]. To be able to define comprehensive intensional

code lists using ECL one must have an understanding of the structure of the polyhierarchy

and the types of relationships between concepts.

The most fundamental relationships are hierarchical. These are the direct ancestral rela-

tionships between concepts. For example, descendantOrSelfOf refers to the concept

of URTI and all of its descendants, such as tonsillitis or pharyngitis. More complex

hierarchical queries can be defined. For example, all URTIs are included except those

concepts that are chronic diseases:

descendantOrSelfOf URTI MINUS descendantOrSelfOf chronic disease .

This would exclude concepts like chronic conditions not relevant to ARI, such as chronic

sinusitis.

In addition to hierarchical relationships, other ‘attribute-based’ relationships can be ref-

erenced when defining intensional code lists [43]. These are not limited to but include

the has active ingredient attribute that can help define drug code lists. For ex-

ample, a rule could specify: ‘include all drugs that has active ingredient amox-

icillin’. Other attributes that can also be used to define intensional code lists include

has finding site or associated morphology . Table 2.2 shows some common

SNOMED ECL operators used for manipulating the hierarchy.
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Table 2.2: SNOMED CT Expression Constraint Language (ECL) operators

Operator / syntax Description

descendantOrSelfOf ( « ) A code and all its descendants.

childOrSelfOf ( «! ) A code and its immediate children only.

ancestorOrSelfOf ( » ) A code and all its ancestors.

parentOrSelfOf ( »! ) A code and its immediate parents only.

AND , OR Logical combination of two sets.

MINUS Excludes a subsequently defined set.

Example:

« 54398005 |Acute upper respiratory infection|

MINUS « 3218000 |Mycosis|

Where:

• « includes the specified code and all its descendants.

• 54398005 is the SNOMED code for “Acute upper respiratory infection”.

• MINUS excludes concepts matching the next set.

• « 3218000 |Mycosis| refers to “Mycosis” and all its descendants.

The RSC defines intensional SNOMED code lists using the hierarchical relationships

between concepts and the MINUS operator but, at present, only uses attribute-based

( has active ingredient ) relationships for defining drug code lists. Other attribute-

based relationships such as has finding site or causative agent are not available

for use in this DPhil due to the current technical limitations of the system.

2.3.5 Existing ARI digital phenotyping algorithm

In the existing weekly surveillance reports, the RSC primarily focused on reporting ILI,

consistent with historical public health priorities. While the reports also included the

incidence of URTI and lower respiratory tract infection (LRTI), there was no unified
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ARI indicator [44]. As a result, three separate PhAs were maintained for ILI, URTI

and LRTI. These indicators were created and maintained independently, with no formal

documentation of the relationship between code lists. For example, it was unclear whether

ILI was a subset of URTI or LRTI, or whether URTI and LRTI shared any common

concepts. The code lists used in the old algorithm were originally based on historic ICD

classifications but evolved into extensionally defined SNOMED code lists, as SNOMED

ECL had not yet been fully implemented by the RSC. The clinical logic underlying the

existing algorithm was not formally documented and relied on assumed interpretations

based on the indicator names.

2.3.6 New ARI digital phenotyping algorithm

Details of the new phenotyping algorithm including in the appendix of the associated

publication [44].

Clinical logic

I defined ARI using a modified version of the 2018 European Union (EU) ARI case

definition (Table 2.3) [45]. This was modified to include any symptoms suggestive of an

acute respiratory viral infection. This allowed for inclusion of other respiratory infections

that may also be caused by relevant viral infections, for example, otitis media and sinusitis.

We also aimed to identify only ARI cases that presented to primary care. Therefore I

excluded codes that were likely to be recorded from a hospital discharge summary or other

non-primary care encounters.
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Table 2.3: Comparison of EU and RSC ARI case definitions

Definition source Criteria

EU ARI case definition
• Sudden onset of symptoms

• At least one of the following respiratory symptoms:

• Cough

• Sore throat

• Shortness of breath

• Coryza

• Clinician’s judgement that the illness is due to an infection

RSC-modified EU ARI definition
• Sudden onset of symptoms

• At least one acute respiratory infection symptom

• Clinician’s judgement that the illness is due to an infection

Note: EU: European Union; RSC: Oxford–Royal College of General Practitioners Research and

Surveillance Centre; ARI: acute respiratory infection.

To make the relationship between all the subtypes of ARI clear, I defined a clinical logic

that combined all respiratory subtypes into a simple hierarchy (Figure 2.1), where code

lists for each indicator at the same level were mutually exclusive. The ARI hierarchy was

structured into three levels, with ARI at the top (Level 1). At Level 2, four key indicators

are included: ILI, exacerbation of chronic lung disease (ECLD), URTI, and LRTI. Each

of these is further subdivided creating 16 Level 3 indicators (Figure 2.1). Since ILI can

affect both the upper and lower respiratory tracts, it is included as a separate indicator at

Level 2. ECLD, a new indicator, was not part of the previous ARI PhA. Case definitions

for Level 2 indicators can be seen in Appendix A1.1.

25



Chapter 2

Figure 2.1: ARI phenotype clinical logic: ARI Hierarchy. ARI: acute
respiratory infection, ILI: influenza-like illness, ECLD: exacerbation of
chronic lung disease, LRTI: lower respiratory tract infection, NOS: not

otherwise specified, COPD: chronic obstructive pulmonary disease.

At Level 2, I also included an ARI not otherwise specified (NOS) group. This group

encompasses suspected COVID-19 cases and ARI concepts that could not be more specif-

ically classified. The rationale for including suspected COVID-19 in this group was that,

following the initial pandemic phase, the use of these specific codes would likely decrease.

Clinicians might revert to broader terms like LRTI as confidence in diagnosing COVID-19

as the specific cause of ARI would diminish.

Duplicate case counting is a potential issue in the algorithm for two main reasons. First,

a diagnosis might be recorded multiple times by a clinician, such as on consecutive days

or through overlapping codes, for example, URTI and tonsillitis. Second, the hierarchical

structure could lead to double counting; for instance, an individual could have two Level

2 conditions in a week, but this would still represent a single ARI episode at Level 1.
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To address the first issue, we defined new cases of all indicators (at any level) as those

recorded at least 28 days after the previous ARI event. This ensured that duplicate codes

within the 28-day window were not counted as new cases. To manage the second issue,

we restricted individuals to a single instance of any specific indicator. As a result, the total

number of Level 1 events does not necessarily equal the sum of Level 2 or Level 3 events.

Code lists

I used SNOMED ECL to define intensional code lists for each of the 16 indicators at Level

3. Code lists could then be combined into Level 2 and the overall Level 1 ARI indicator.

I developed code lists using the RSC’s in-house ‘SNOMED helper tool ’. This software

allows code list curators to easily navigate the hierarchy and implement ECL rules using a

point and click style interface. Code lists were defined by either myself or another clinical

informatician. These were then independently checked by a second person, with any

discrepancies resolved through discussion, using a third party if required. The software

records code list definitions, these are then published on the NHS terminology server.

This improves transparency, a known issue when defining code lists [46, 47].

Defining a code list that unambiguously represents a given concept, such as URTI, is

challenging as the meaning of a given code may vary depending on the context [48]. For

example, the non-specific code ‘cough’ may be used when reporting an ARI or a chronic

cough. Including this code could increase sensitivity of case detection, but would also

reduce the specificity of the code list. Striking a balance between sensitivity and specificity

is key when building code lists, reinforcing the importance of having a working group

with the relevant experience.

In general, only diagnostic codes were included, with relevant symptom codes added

where the balance between sensitivity and specificity was deemed acceptable. Codes

explicitly mentioning a particular pathogen were considered more likely to arise from

microbiological results communicated via hospital discharge summaries, and therefore

less likely to reflect the true onset date of a given ARI episode in primary care. Rather than
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explicitly excluding pathogen-specific codes from the code lists, the impact of discharge

summary-derived codes was minimised at the point of data extraction by excluding ARI

cases recorded retrospectively (i.e. where the record entry date was later than the event

date). Only ARI cases recorded on the same calendar day as the specified event date were

retained, thereby preferentially preserving records most likely to have been generated

in real time within primary care, including pathogen-specific codes arising from point-

of-care testing, while reducing the inclusion of back-entered discharge summary–related

events.

I used a three-step process to define the ECL (Figure 2.2). First, I identified one or,

in some cases, several parent codes that best represented the concept of interest, such

as, pharyngitis, and included these codes along with all their descendants using the «

( descendantOrSelfOf ) operator. Next, I created a list of generic parent codes and

their descendants that represented undesirable codes, such as chronic disease, which were

excluded across all 16, Level 3 code lists using the MINUS operator. Finally, I made

small code list specific modifications that could not be achieved through more generic

approaches in the prior two steps.
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Figure 2.2: Example of Systematized Nomenclature of Medicine Expression
Constraint Language for pharyngitis. Most code lists were defined in three

steps. Step 1: Include a principal SNOMED parent(s) and descendant codes.
Step 2: Exclude higher-level codes to remove irrelevant descendants, such as
excluding chronic disease to remove all chronic sinusitis codes. Step 3: Tailor

code list by including or excluding specific codes as needed for the specific
use case.

Algorithm validation

Objective 1: Code list comparison- I compared all combined codes from the 16 Level 3

intensionally defined code lists with the combination of the old extensional code lists for

ILI, LRTI and URTI. To compare these code lists, a set analysis was performed to establish

the number of codes present in each code list and the number of intersecting codes.

Objective 2: ARI Case comparison- I used the existing and new PhA to extract ARI

cases from the ORCHID for the 2022 to 2023 respiratory surveillance season (International

Organization for Standardization (ISO) week 39 2022 to ISO week 38 2023). I then

compared codes that identified ARI cases from the CMR using the new algorithm with

those codes that identified cases using the existing algorithm. I also counted ARI cases

identified by the existing algorithm but no longer identified by the new algorithm and
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reported the frequency of codes responsible for these cases. Conversely, I counted ARI

cases identified by the new algorithm but not the existing algorithm and codes responsible

for these.

Objective 3: ARI Weekly incidence comparison- Finally, to assess the likely impact

of the new phenotype on reporting of ARI, I calculated the overall incidence of ARI and

the incidence by age band and risk group as cases per 100,000 for the surveillance year

2022/2023. I used 3 age-bands: 0 to 17 years, 18 to 69 years and 70 years and older. Risk

groups were defined based on those published in the UK Immunisation Against Infectious

Disease Book [49].

An additional algorithm is required to define the incidence of ARI as this must identify

both the number of cases but also the denominator population in a given week. Weekly

incidence was calculated using an existing algorithm that has two inputs: a list of weekly

ARI cases (the output of PhA) and the weekly denominators defined by counting total

registered patients in a given week. The list of cases is then converted to a weekly

numerator and divided by the weekly denominator and finally multiplied by 100,000. This

gives the weekly incidence per 100,000 population.

I calculated the weekly ARI Level 1 and Level 2 indicator incidence using the new and

existing algorithm. I compared these and presented time series plots of Level 2 indicators.

No comparison was made between the new ECLD or ARI-NOS indicator as no equivalent

existed previously. The data extracted for the analysis for objective 3 is not identical to

that used for objective 2. The reason for this is that the RSC does not always have reliable

denominator data for all practices. Practices with unreliable or absent denominator data

were removed from the analysis.
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2.4 RESULTS

2.4.1 Objective 1: Code list comparison

The existing ARI code list contained 821 SNOMED codes, compared to the new code list,

which included 544, a reduction of 277 codes (33.74%) (Table 2.4). The combined total

of unique codes across both lists was 948, of which 417 codes appeared in both lists, 404

were exclusive to the old list, and 127 were exclusive to the new list (Figure 2.3).

Table 2.4: Comparison of existing and new ARI code lists

Level Codelist Existing New Difference

Level 1 ARI 821 544 −277 (−33.74%)

Level 2

URTI 448 206 −242 (−54.02%)

LRTI 377 243 −134 (−35.54%)

ARI-NOS — 14 14 (N/A)

ECLD — 49 49 (N/A)

ILI 43 49 6 (+6.98%)

Note: ARI: acute respiratory infection; URTI: upper respiratory tract infection; LRTI: lower respiratory

tract infection; ARI-NOS: ARI not otherwise specified; ECLD: exacerbation of chronic lung disease; ILI:

influenza-like illness.
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Figure 2.3: Set analysis of new and old Level 1 acute respiratory infection
(ARI) code lists. The old ARI code list included 404+417=821 codes and the
new code list included 127+417=544 codes. In total, 417 codes appeared in

both code lists, 404 only in the old list, and 127 only in the new list.

The 127 codes newly added were distributed across Level 2 in the hierarchy. Because

ECLD was newly introduced as a Level 2 subtype, most of the newly added codes were

within this group. Although ECLD did not exist as a separate group in the previous code

list, four codes that meet the new ECLD definition were already present in the old list but

were distributed among URTI or LRTI code lists. These remain in the new ECLD list,

resulting in 49 ECLD codes in total, of which 45 are newly added (Table 2.5).

Among the 544 codes in the new code list, 304 (55.88%) were actively used to record ARI

cases in the CMR during the study period. Of these 304 codes, 25 (8.22%) accounted for

90.51% of all recorded ARI cases. In the existing code list of 821 codes, 346 (42.14%)

were used to record ARI cases. Of these, 16 (4.62%) accounted for 90.55% of all recorded

ARI cases, with the remaining 330 codes contributing to the rest.
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Table 2.5: Distribution of new ARI codes by Level 2 category

Level 2 codelist Codes added (n) Percent

ECLD 45 35.43%

LRTI 42 33.07%

URTI 22 17.32%

ARI-NOS 14 11.02%

ILI 4 3.15%

Note: ARI: acute respiratory infection; ECLD: exacerbation of chronic lung disease; LRTI: lower

respiratory tract infection; URTI: upper respiratory tract infection; ARI-NOS: ARI not otherwise

specified; ILI: influenza-like illness.

2.4.2 Objective 2: ARI case comparison

I applied the existing and new algorithms to the same patient population to retrieve cases of

ARI. The existing algorithm retrieved 2,386,443 cases, while the new algorithm retrieved

3,194,224 cases, an increase of 807,781 cases (33.84%) (Table 2.6). Of the cases identified

by the existing algorithm, 52,258 (2.19%) were no longer detected by the new algorithm.
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Table 2.6: Number of ARI cases identified by existing and new algorithms

Level Codelist Existing New % Change

Level 1 ARI 2,386,443 3,194,224 33.84

Level 2

URTI 1,647,236 1,862,191 13.05

LRTI 766,707 987,203 28.73

ARI-NOS — 219,310 —

ECLD — 141,482 —

ILI 47,815 47,812 −0.006

Note: Counts of acute respiratory infection (ARI) cases identified from computerised medical records

using the existing and new phenotyping algorithms. Totals at Level 1 are unique individuals and do not

equal the sum of Level 2 categories, as individuals may have multiple Level 2 diagnoses. URTI: upper

respiratory tract infection; LRTI: lower respiratory tract infection; ARI-NOS: ARI not otherwise

specified; ECLD: exacerbation of chronic lung disease; ILI: influenza-like illness.

Using the new algorithm, ARI cases were most frequently classified as URTI (58.30%),

followed by LRTI (30.90%), ARI-NOS (6.87%), ECLD (4.43%), and ILI (1.50%). Com-

pared to the existing algorithm, the new approach identified 28.73% more cases of LRTI,

13.05% more cases of URTI, and a nearly identical number of ILI cases. The three most

commonly recorded codes across both algorithms were “Lower respiratory tract infection,”

“Upper respiratory infection,” and “Viral upper respiratory tract infection” (Figure 2.4).

Exclusion reasons varied for the 52,258 cases no longer included by the new algorithm:

43.74% (22,862 cases) represented chronic conditions, 30.04% (15,695 cases) were non-

infective conditions, 14.38% (7,515 cases) were recurrent diseases and the remaining cases

varied. Figures 2.4 and 2.5 show the codes most frequently associated with cases that are

no longer included by the new algorithm (represented by the yellow bars).
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Figure 2.4: SNOMED (Systematized Nomenclature of Medicine) code frequency for acute
respiratory infection (ARI) cases by old and new algorithm. Top: 30 most frequent codes using
the old algorithm. Bottom: 30 most frequent codes using the new algorithm. Burgundy bars:

cases found by both; yellow: only old; blue: only new algorithm.
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Thirteen codes accounted for 91.13% of the 860,039 ARI cases included by the new

algorithm but not identified by the old algorithm (Figures 2.4 and 2.5), represented by

the blue bars. Of these 860,039 cases, 547,550 (63.67%) were symptomatic codes likely

representing an ARI case, 199,299 (23.17%) were ARI-NOS cases, 71,464 (8.31%) were

ECLD cases, and 41,726 (4.85%) were attributed to other reasons.
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Figure 2.5: SNOMED (Systematized Nomenclature of Medicine) code frequency for acute
respiratory infection (ARI) cases uniquely identified by each algorithm. Top: 30 most frequent
codes found only by the old algorithm. Bottom: 30 most frequent codes found only by the new

algorithm. Bar colours match those in Figure 2.4.
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2.4.3 Objective 3: ARI Weekly incidence comparison

For incidence, practices with unreliable denominator data were excluded, case numbers

are therefore less than those in Table 2.6. The existing algorithm identified 1,965,341

cases from practices with reliable denominator data, while the new algorithm retrieved

2,478,473 cases, an increase of 513,132 cases (26.11%) (Table 2.7). The derived median

weekly incidence subsequently increased from 205.60 to 258.94 per 100,000 persons, an

increase of 25.94 percent. Although the overall incidence increased, the trend over the

course of the season was largely comparable (Figure 2.6). Increases in incidence were

observed across all age bands and risk group categories for ARI (Level 1), LRTI, and

URTI. However, there was no meaningful change in the incidence of ILI across all age

bands and risk group categories.
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Table 2.7: ARI incidence stratified by risk group and age band, showing percent change in rate
(new vs old definitions)

Indicator Risk group Age

band

Old rate New rate % Change

(rate)

ARI

Non-risk 0–17 375.95 436.50 16.10%

18–69 115.15 148.80 29.24%

70+ 101.00 128.05 26.72%

Risk 0–17 387.90 480.45 23.85%

18–69 234.85 336.50 43.24%

70+ 254.15 339.55 33.59%

ILI

Non-risk 0–17 1.95 1.95 0.00%

18–69 3.00 3.00 0.00%

70+ 1.50 1.50 0.00%

Risk 0–17 2.60 2.60 0.00%

18–69 4.55 4.55 0.00%

70+ 2.80 2.80 0.00%

LRTI

Non-risk 0–17 54.70 56.55 3.38%

18–69 30.05 44.80 49.16%

70+ 54.25 76.35 40.77%

Risk 0–17 74.30 89.30 20.18%

18–69 116.40 159.35 36.84%

70+ 197.65 232.80 17.79%

URTI

Non-risk 0–17 337.70 381.45 12.95%

18–69 82.30 98.80 20.02%

70+ 46.60 50.25 7.82%

Risk 0–17 327.10 369.70 13.03%

18–69 118.10 137.10 16.09%

70+ 57.30 63.40 10.65%

Note: Incidence are expressed as median weekly cases per 100,000 persons. Percent change reflects

relative difference between new and old phenotype definitions within each stratum. ARI: acute respiratory

infection; ILI: influenza-like illness; LRTI: lower respiratory tract infection; URTI: upper respiratory tract

infection. Risk group indicates whether an individual was considered to belong to a clinical risk group, as

defined by UKHSA [50]. These groups are operationalised using University of Nottingham, Primary Care

Information Services (PRIMIS) business rules, which map SNOMED code lists to specific clinical

conditions [51]. 39
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Figure 2.6: Weekly ARI incidence using old and new. Trends of weekly indicator incidence per
100,000 of the population from the old and new indicators. Note, no new indicator is seen for
influenza-like illness (ILI) as the incidences are nearly identical. No old indicator is seen for

exacerbation of chronic lung disease (ECLD) as there was no old comparator. The y-axes are on
different scales to allow adequate comparison of old and new trend lines. LRTI: lower

respiratory tract infection, URTI: upper respiratory tract infection.
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2.5 DISCUSSION

2.5.1 Summary of main findings

In this chapter, I developed a new PhA to facilitate accurate detection of cases of ARI

from the primary care CMR. The algorithm incorporated a hierarchical clinical logic that

accounted for the diverse presentations of ARI, aligning with contemporary integrated

surveillance practices. The use of ECL to query SNOMED’s polyhierarchy enabled the

creation of dynamic code lists and therefore a sustainable algorithm. Face and internal

validation demonstrated that the new algorithm increases ARI detection and improves its

accuracy. Work in this chapter supports the overall aim of this DPhil by ensuring I develop

severity indicators for an appropriate cohort of individuals.

2.5.2 Findings in context

Integrated surveillance

Integrated respiratory surveillance refers to the surveillance of non-influenza respiratory

viruses with epidemic and pandemic potential [11]. The trend toward integration has

been accelerated by the emergence of new pathogens including severe acute respiratory

syndrome coronavirus 1 (SARS-CoV-1) in 2003, Middle East respiratory syndrome coro-

navirus (MERS-CoV) in 2012 and, most dramatically, by SARS-CoV-2 in 2019 [52, 53].

Clinical syndromes used by CMR-based surveillance should be broad enough to account

for the varied clinical presentations of these new and evolving pathogens [20, 54].

The hierarchical clinical logic developed here ensures this is the case, through inclusion of

a range of upper and lower respiratory tract syndromes. The heterogeneous presentations

of novel pathogens would likely be identified through one of the indicators included in

the hierarchy. Whilst, atypical presentations of emerging pathogens are documented, for

example, anosmia or ageusia with SARS-CoV-2 infection, the PhA is flexible enough to

allow rapid addition of new indicators based on relevant evidence [55].
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The ability to adapt to novel pathogens is a desirable feature of the PhA. However,

‘traditional’ pathogens continue to be highly relevant today. Influenza remains a pathogen

with epidemic and pandemic potential, and recent bird flu outbreaks and the current

emergence of a drifted A(H3N2) strain reinforce the need for continued robust influenza

surveillance [56, 57]. The new PhA includes an ILI indicator within the hierarchy that is

comparable to previous definitions, thus retaining the ability to analyse historic and future

ILI trends. Level 3 indicator, bronchiolitis, is included as it is commonly associated with

RSV infection and surveillance of this pathogen will become increasingly important with

the roll out of the RSV vaccination programme for pregnant women [58].

Despite the importance of adapting to emerging pathogens, the new algorithm, unlike some

other PhAs, intentionally excludes diagnostic codes representing confirmed infections,

such as SARS-CoV-2 [59]. Instead, it is designed to detect cases of ARI presenting to

primary care with typical clinical syndromes, such as URTI and LRTI. These syndromes

may be caused by a range of pathogens. As part of the RSC’s standard workflow a subset

of practices collect microbiological swabs from patients presenting with an ARI. These

samples allow estimation of case positivity rates for specific viruses by ARI subtype, for

example ILI. Including virological diagnostic codes in this algorithm could augment RSC

virological sampling results but is not appropriate for the initial syndromic case detection.

Use of intensional code lists

Several other studies have reported validation of PhAs for ARIs. A systematic review

undertaken by the United States (US) Food and Drug Administration (FDA) in 2021

reported 11 studies that mainly assessed the accuracy of using claims data to define

cohorts of patients with ARIs, principally pneumonia [60]. The algorithms reported used

the ICD-9 terminology, which unlike SNOMED, is based on a monohierarchy. This limits

developers to the use of extensional or very basic intensional code lists. Use of SNOMED

ECL has been shown to facilitate development of easily understandable and shareable

code lists and is an advantage of this study [61, 62].
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Here I took a step wise approach, with rules defining the inclusion of relevant parent codes

(and descendants) and exclusion of broad categories, such as chronic diseases. Extensional

code lists (a simple enumerated list) on the other hand are not transparent, as examination

of the list gives limited clues as to the logic used to define them. Intensional lists are also

more resistant to errors caused by the updates to the SNOMED hierarchy. This is because

when a new code is added (or removed) from the hierarchy it is automatically included

(or excluded) due to inclusion of a parent or other ancestral code. Extensional lists do not

have the same capability.

Despite the advantages, the evolving nature of the SNOMED polyhierarchy still presents

challenges. For instance, in the tonsillitis/pharyngitis ECL, despite excluding all chronic

diseases generically, ‘Chronic sore throat’ still required manual exclusion, as it was not

classified as a descendant of ‘Chronic disease’ by SNOMED International (Figure 2.2).

Furthermore, when new codes are automatically incorporated or discarded from the hierar-

chy this can still impact on the output of a PhA, therefore ongoing reviews and maintenance

of intensional code lists are still required.

Algorithm validation

The updated algorithm significantly increased ARI case detection, predominantly through

newly included symptom codes, codes for ECLD and ARI-NOS. In addition to increasing

case detection, the algorithm also reduced the identification of inappropriate codes. Most

cases excluded by the new algorithm were those attributable to chronic or recurrent disease.

These additions likely improve sensitivity but at the cost of reduced specificity, whereas

exclusion likely enhanced specificity while slightly lowering sensitivity.

Decisions about whether to include or exclude certain codes were made by the working

group. The collective clinical, informatics and public health experience of the working

group served to ensure decisions were well considered and collaborative. These decisions

were made on the basis that any specific change would, on balance, have a favourable

impact overall on the accuracy of the PhA. That is, the benefit of increased sensitivity
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outweighed the reduced specificity or vice versa.

Increases in incidence were observed for URTI and LRTI whilst ILI incidence remained

almost identical. This reflects the fact that the code list for ILI changed very little

compared to the others. This would facilitate continued comparison of current and

historical ILI incidence which is favourable for long-term trend analysis. The likely effect

of these changes is an improvement in the system’s ability to detect low-levels of disease,

particularly if rates are aggregated by age band and region.

2.5.3 Translation in practice

The work undertaken in this chapter has been subject to peer-review in a well-respected

public health journal [44]. Additionally, the algorithm has now been adopted by the RSC

and is used formally to derive weekly incidence figures that are included in reports sent

to UKHSA [63]. Extracts of the reports are integrated into the wider UKHSA weekly

respiratory surveillance reports [64]. The RSC also supplies weekly ARI and ILI incidence

to European Centre for Disease Prevention and Control (ECDC)’s European Respiratory

Virus Surveillance Summary (ERVISS). These figures are jointly reported by both ECDC

and WHO.

The code lists and logic used in this PhA are available via both the supplementary data of

the associated publication and the NHS terminology server where they have been published

and are free to access [44, 65]. This approach supports the principles of open science by

providing a framework for others working in CMR-based ARI surveillance. Although it is

principally of value to those utilising SNOMED, those using other clinical terminologies

could derive value in the clinical logic and generic processes that have been applied.

2.5.4 Limitations

The key limitation of this work is the absence of a clear reference standard for defining

true ARI cases. For example, when a primary care practitioner records a case of ILI we
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have no way of confirming the individual met the case definition criteria. As a result, it

is very challenging to measure sensitivity, specificity and accuracy of the algorithm. The

best we can do is infer that sensitivity, for example, is likely to have increased.

An ideal validation process would measure the accuracy of coding by clinicians and

could be best achieved through prospective studies with primary care practices, capturing

detailed symptom data to provide a reference standard. Such approaches have been taken

previously and typically involve a medical record review [60]. However these are mostly

single centre studies which would allow direct access to detailed records. A review of the

RSC CMR associated with each case is feasible in a subset of cases of ARI, but as no

free-text data is included, this would be incomplete. This approach is beyond the scope of

this DPhil. Given these constraints, the method used here, while not perfect, represents a

pragmatic and reasonable compromise.

The exclusion of free-text analysis, which has been implemented successfully in other

settings [66], impacts the algorithms’ ability to identify relevant ARI cases, thus reducing

its sensitivity. At present free text data is not supplied to the RSC, the principal reason

for this is the high governance bar to receiving free text data which is potentially more

sensitive due to possible inclusion of personal details [48]. Innovations in the use of natural

language processing (NLP) algorithms could support not only more accurate coding in

primary care, but could also be used to augment terminology-based PhAs.

Primary care CMRs are primarily designed to support patient care rather than for secondary

purposes such as surveillance [67]. However, primary care practices are familiar with the

importance of high quality coding for secondary purposes, for example, for QoF financial

reimbursements. Educational materials for primary care practices that contribute to CMR-

based surveillance systems should be provided to ensure coding of ARI cases is optimal.

The RSC has a range of materials and a team dedicated to support surveillance practices

[44].
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2.5.5 Summary

This work has fulfilled its principal objective by supporting accurate and robust detection

of ARI cases from the CMR. The cases extracted through application of the PhA will

be counted over a given time period (for example, weekly) to derive the denominator of

the severity indicators developed in the later stages of this DPhil (Table 1.4). I have also

demonstrated the national and international reach of this work through its contribution to

surveillance reporting. In the next chapter I shift the focus from defining denominators

to defining numerators, and undertake a systematic review to identify candidate severity

markers.
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Identification of candidate ARI severity markers

3.1 INTRODUCTION

A severity indicator is a ratio of the number of severe cases (numerator) to the total

number of ARI cases (denominator) over a specified period (Table 1.4) [23]. In the

previous chapter, I described the development of a PhA to accurately identify ARI cases

from the CMR, forming the basis of the denominator. In this chapter, I turn my attention

to the numerator.

In order to count severe cases we must define some criteria for what ‘severe’ means. I

refer to these criteria as severity markers (Table 1.4). Typical severity markers include

hospitalisation and death. These define the CHR and CFR, which are commonly used

severity indicators to assess the impact of an influenza season, epidemic or pandemic

[23, 24]. These metrics are typically measured in secondary care-based surveillance

[68–70].

Primary care CMR-based severity indicators, as described in chapter 1, could have some

advantages over those used in secondary care, including representativeness and timeliness.

These data are also rich with additional information such as symptoms, signs, investiga-

tions, treatments and other outcomes. While hospitalisation and death data are available

and could be used to define CHR and CFR, other parameters recorded at the point of care,

such as clinical signs, offer an opportunity to define more timely severity indicators.

In order to test this hypothesis, I needed to identify candidate severity markers relevant

in the context of primary care CMR-based surveillance. Factors that determine whether
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a given severity marker may be valuable for consideration include: the extent to which it

may predict or represent a severe outcome from a clinical perspective; whether the severity

marker can be attributed directly to a case of ARI and the likelihood that it is used and

recorded in the primary care CMR.

In this chapter, I present the findings of a systematic review aimed at identifying a broad

set of candidate ARI severity markers. These are categorised as either severe outcomes,

such as complications, hospitalisation or death, or potential predictors of severe outcomes,

where predictors are likely to be more timely.

3.2 CHAPTER AIM AND OBJECTIVES

3.2.1 Aim

To identify severe outcomes or predictors of severe outcomes that could serve as severity

markers for ARIs and therefore be used to construct severity indicators.

3.2.2 Objectives

1. Define candidate severity markers: Identify a list of candidate severity markers

for primary care CMR-based ARI surveillance.

2. Curate severity marker code lists: Curate a set of SNOMED code lists that can be

used to represent these severity markers and facilitate extraction from the CMR.

3.3 METHODS

3.3.1 Overview

This systematic review was registered with PROSPERO (the International Prospective

Register of Systematic Reviews: registration number CRD42023460281) and its protocol

made publicly available since August 2023 [71]. This was a descriptive, mapping-style

systematic review collating and summarising the severity markers reported in studies of
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ARI. It did not evaluate intervention effects, compare groups, or perform quantitative

pooling. Consequently, no meta-analysis or formal risk-of-bias appraisal was undertaken.

The systematic review was conducted to identify an initial list of candidate severity markers

by screening biomedical databases and grey literature for studies and surveillance reports

on ARIs. A panel of primary care informatics experts, including myself, then reviewed

the candidate list to identify those most suitable for use in primary care CMR-based

surveillance. Finally, for each candidate severity marker an intensional SNOMED code

list was defined to facilitate retrieval of data from the CMR.

3.3.2 Working group

The working group for this piece of work was led by myself (WE). The systematic

review screening, study selection and data collection were performed by myself and a

second reviewer (AF) with support from a third reviewer (GJ) where conflicts couldn’t be

resolved. Both WE and AF are practicing clinicians, I work in primary care and AF in

secondary care. This broader experience helped during the screening and study selection

process as studies were from a range of settings.

The panel of primary care informatics experts included four individuals (WE, GJ, RW

and SdL). Not only were all four practicing primary care clinicians but all have significant

experience in primary care informatics and CMR-based ARI surveillance. This included

a professor in clinical informatics (SdL) and the author of a beginners guide to SNOMED

CT [72] (GJ). These four individuals were well placed to judge the suitability of candidate

severity markers for use in CMR-based ARI surveillance.

3.3.3 Eligibility criteria

The systematic review included English-language, cross-sectional or cohort studies pub-

lished after 1st January 2009 that reported potential severity markers in cohorts of greater

than 500 individuals diagnosed with ARI, ILI, severe acute respiratory infection (SARI) or
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suspected COVID-19 (Table 3.1). Because multiple definitions exist for these syndromes,

each study’s own case definition was accepted when determining eligibility. Studies from

2009 were selected to ensure inclusion of studies resulting from the swine flu pandemic

of the same year.

This DPhil focuses on primary care, however, studies were included from any setting

(community, primary care, hospital or ICU) for two main reasons. Firstly, outcomes

measured in other settings could also be recorded in primary care. Secondly, candidate

variables were subsequently reviewed by primary care informaticians specifically to assess

their potential value for use in primary care CMR-based ARI surveillance.

To determine whether a reported outcome or characteristic would serve as a severity

marker reviewers considered the following question:

“On balance, might the presence (or absence) of this characteristic in an

individual with ARI predict a severe outcome or represent a severe outcome?”
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Table 3.1: Eligibility criteria for included studies

Criteria Category Details

INCLUSION

Population Studies involving individuals with respiratory clinical syndromes

including: influenza-like illness (ILI), acute respiratory infec-

tion (ARI), severe acute respiratory infection (SARI) or suspected

COVID-19. Sample size must exceed 500 participants. Any care

setting is eligible (community, primary care, secondary care, inten-

sive care unit (ICU)).

Severity markers Study must report an outcome that could serve as a marker of clin-

ical severity, including symptoms, signs, complications, treatment,

hospitalisation, or death.

Data source Analysis based on surveillance data or computerised medical record

(CMR) data.

Study design Cross-sectional or cohort studies (prospective or retrospective).

Time period Articles published on or after 1 January 2009.

EXCLUSION

Population Neonatal-only or pregnancy-only cohorts, or populations re-

stricted to specific comorbid groups (e.g. human immunodeficiency

virus-positive).

Study design Randomised controlled trials, case–control studies, reviews or sys-

tematic reviews, methodological papers without new data, case re-

ports, or case series.

Article type Conference proceedings, abstracts, preprints, or letters to the editor.

3.3.4 Information sources

I searched bibliographic databases on the 5th of June 2023 via Ovid: MEDLINE, Embase

and Global Health. In each database, free text keywords were paired with controlled

vocabulary: Medical Subject Headings (MeSH) in MEDLINE, Emtree in Embase, and

Centre for Agriculture and Bioscience International (CABI) thesaurus terms in Global
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Health.

In addition, I searched the grey literature using websites from five public health bod-

ies: CDC; the WHO Disease Outbreak News; UKHSA; ECDC; and the Sentiworld

sentinel-network repository, screening all retrieved titles and bulletins for relevant human-

respiratory surveillance content [73]. Addition of these grey literature searches was an

amendment to the original review protocol in order to extend the scope of the search to

cover relevant public health resources, as such, these searches were conducted on 15th

March 2024.

3.3.5 Search strategy

The search strategy was constructed around three concepts:

1. Public health surveillance: This limited results to surveillance-focused records

through a combination of surveillance subject headings (e.g., Public Health Surveil-

lance, Sentinel Surveillance) and free-text terms ILI, ARI and SARI.

2. Respiratory infectious disease: This combined controlled headings and free-text

for influenza and for SARS-CoV-2/COVID-19. The SARS-CoV-2 block was limited

to studies occurring after start of the COVID-19 pandemic, (≥2020). Peer-reviewed

search terms for SARS-CoV-2 were used.

3. Clinical severity: This combined subject-heading terms such as Hospitalisation,

Intensive Care Units, Mortality, and Severity of Illness Index with free-text ex-

pressions for severity markers. For example, “hospitali?ation rat*,” “fatality rat*,”

“clinical* sever*,”. Where * represents any number of characters and ? represents

any one character.

Within each concept, search terms and free-text were combined using the OR operator.

The AND operator was then used to combine the three main concepts. Further filters

52



Chapter 3

limited the studies to those published in English after 2009 and those involving only

human participants. Full search strategies can be seen in Appendix A2.

3.3.6 Study selection

Records were initially imported into Endnote where the automatic deduplication tool was

employed [74]. Subsequently, records were uploaded to Rayyan where further deduplica-

tion was performed using the inbuilt deduplication tool and a final manual deduplication

was done after title and abstract screening [75]. Rayyan then served as the workspace for

both the title and abstract screening and the subsequent full-text review.

The titles and abstracts of articles identified during the search process were screened

in duplicate by WE and AF and conflicting judgments resolved by discussion between

themselves and if necessary GJ. Articles that passed screening went on to a full text review

by WE and AF. Duplicate screening of the full text articles was also undertaken.

To reduce subjectivity of severity markers identification and increase methodological trans-

parency WE and AF assessed independently whether an outcome or characteristic reported

in a study could serve as a severity marker according to the question in Section 3.3.3.

This question was answered independently for each study and discrepancies were recon-

ciled through discussion with GJ if needed. This process ensured that the identification of

severity markers was as transparent as possible.

3.3.7 Data-collection process

A bespoke electronic data-entry form was built in JotForm (an online platform for creating

custom data collection forms) [76]. JotForm includes a variety of tools to support accurate

data entry, including date selection tools, picking lists, skip logic and validity checks. The

form was piloted on ten studies by WE and AF and revised as needed.

Two reviewers (WE, AF) then extracted data independently in JotForm 20 studies at a time.
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This allowed amendments of picking lists in the data entry form if new severity markers

were identified. Submissions were compiled into a cloud spreadsheet on the JotForm

server labelled by reviewer; discrepancies were resolved through discussion between WE

and AF, and with GJ if required. The reconciled dataset was exported from JotForm as a

CSV file. Study numbers are reported in a PRISMA flow diagram.

3.3.8 Data items

Three groups of variables were extracted from each study (Appendix A2.4).

Study details: citation details, study aim, publication type and date, study period, and

geographic scope.

Case data: Respiratory syndrome under study (ILI, ARI, SARI, suspected COVID-19, or

other), the case definition applied, the number of cases under study, and whether cases were

non-treatment-seeking, treatment-seeking, hospitalised, or in ICU. We grouped partici-

pants recruited at a medical facility but not admitted under the label “treatment-seeking”

as, in many regions, the distinction between outpatient clinics, emergency departments

(EDs), and primary care services is not clear. Non-treatment seeking patients were those

who had not attended health care services; typically those identified in the community

through surveys.

Severity markers: Severity markers were classified as either (1) a severe outcome itself,

such as death, a major complication or hospitalisation (2) a potential predictor of a severe

outcome, for example, clinical signs or laboratory findings.

3.3.9 Data synthesis

Extracted outcomes were first tabulated for every included study and grouped into broad

groups (e.g., symptoms, vital signs, investigations, complications, treatment, hospitalisa-

tion, ICU admission, death). I then produced counts and percentages of studies reporting

each group and specific severity marker. For example, the number of studies reporting
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any symptom (group) and dyspnoea (severity marker within symptom group). These were

also reported by recruitment type (community/primary care, hospitalised, ICU). These

data are presented as frequency tables and a frequency chart.

3.3.10 Primary care informatics review

The resulting list of candidate severity markers was subsequently reviewed in two focused

meetings by four primary care clinical informaticians as described earlier (WE, GJ, RW,

SdL). For each marker the panel reached consensus after discussion, using four criteria:

Severity: The marker’s ability to indicate ARI severity. For example, was it felt the

presence or absence of the symptom in the context of primary care likely represented a

more severe case. For binary variables, such as the presence of a symptom, does the

recording of this symptoms indicate the case was more severe. For numeric variables,

such as pulse rate, can certain levels of the value indicate a more severe case.

Specificity: The plausibility of linking the marker to the ARI case under surveillance. As

there is nothing that explicitly links two or more codes in the RSC CMR data, it is not

possible to definitively state that a recorded severity marker is associated with a recorded

case of ARI. However, the nature of the severity marker may increase the likelihood that

two codes are linked. For example, it is reasonable to assume that a respiratory antibiotic

prescribed around a diagnosis of ARI is associated with the case.

The temporal proximity of two codes may also suggest a severity marker and ARI case

are linked, this can be defined during the data extract by only including severity markers

occurring within a given time from the recording of the ARI case. Therefore, it need not

be considered at this stage.

Relevance: Whether primary care clinicians would routinely use the severity marker to

characterise an ARI episode. This includes whether they would be contemporaneously

recorded during a clinical encounter for ARI or whether they may be recorded in the CMR

through administrative mechanisms. For example, an encounter with NHS 111, the free
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to call patient advice line, is likely to be recorded through administrative mechanisms.

Recording: The likelihood that the marker is captured in structured CMR data, via the

clinical terminology SNOMED. The RSC doesn’t extract free text data from the CMR

therefore it is important to consider how likely it is that a given severity marker is not only

recorded but also encoded via SNOMED.

3.3.11 Code list development

To ensure consistency and accuracy, structured intensional code lists were developed

using SNOMED ECL, following the methodologies outlined in Chapter 2. For each

severity marker in the final list, our informatics panel determined the most appropriate

representation using SNOMED code lists. For example, SNOMED Observable Entities

allow the retrieval of measured values associated with a given concept, these were therefore

used to define numeric severity markers, such as pulse rate and blood pressure.

3.4 RESULTS

3.4.1 Study selection

Literature searches identified a total of 2,232 unique studies (Figure 3.1). Of these, 2,150

were from database searches and 82 from grey literature All grey literature was put forward

for full text review. Following screening of titles and abstracts, 435 database studies were

selected for full-text review. Of these, 123 met the eligibility criteria for inclusion. From

the grey literature, 3 of the 82 studies met the inclusion criteria. In total, 126 studies

were included in the final analysis [4–6,11–133]. The most common reason for exclusion

(205/391, 52.4%) was the lack of patient recruitment for any of the specified respiratory

clinical syndromes: ILI, ARI, SARI, or suspected COVID-19. The second most common

reason was the absence of reporting of a severity marker (70/391, 17.0%).
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Figure 3.1: PRISMA flow diagram. Adapted from Page MJ, McKenzie JE, Bossuyt PM,
Boutron I, Hoffmann TC, Mulrow CD, et al. The PRISMA 2020 statement: an updated guideline
for reporting systematic reviews. BMJ 2021;372:n71. doi: 10.1136/bmj.n71.
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3.4.2 Study characteristics

The included studies varied in nature and focused on a range of ARI-related topics includ-

ing surveillance, epidemiology, clinical presentation, severity, treatment, outcomes, and

disease-burden. Study characteristics are reported in Table 3.2. A full overview of each

study is provided in Appendices A2.4.1, A2.4.2 and A2.4.3.

Table 3.2: Summary characteristics of the 126 studies included in the systematic review

Characteristic Category / Statistic Value

Publication timeline Median (range) Jun 2018 (Oct 2009

– Jul 2023)

Study start Median (range) Oct 2010 (Jan 1993

– May 2023)

Study duration Median (range, days) 763 (7 – 6 208)

Document type Peer-reviewed articles 118 (94%)

Surveillance reports 8 (6%)

Geographic scope Multinational 10 (8%)

National / sub-national 116 (92%)

World region (255 appearances) Europe 84 (33%)

Asia 65 (26%)

North America 37 (15%)

Africa 37 (15%)

South America 25 (10%)

Oceania 7 (3%)

Income band* (255

appearances)

High 117 (46%)

Upper–middle 75 (30%)

Lower–middle 48 (19%)

Low 14 (6%)

Case types (139 instances)† SARI 47 (34%)

ILI 42 (30%)

ARI 23 (16%)
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Table 3.2: continued

Characteristic Category / Statistic Value

Suspected COVID-19 14 (10%)

MAARI 1 (0.7%)

Severe pneumonia 1 (0.7%)

Combined 11 (7.9%)

Case-definition source (139)† Study-specific 86 (61%)

WHO 31 (22%)

Country-specific 10 (7%)

ECDC 8 (5%)

Multiple 3 (2%)

CDC 2 (1.4%)

Recruitment setting (139)† Hospitalised 72 (52%)

Treatment-seeking‡ 34 (24%)

Mixed 15 (11%)

Non-treatment-seeking§ 8 (6%)

ICU 4 (3%)

Unknown 6 (4%)

Notes: For percentages for world-region, total = 255 as multinational studies contribute >1

country. * Based on World Bank figures from 2024. One country (Venezuela) remained

unclassified in 2024 World Bank data [77]. † Thirteen studies reported outcomes in more

than one case type, hence 139 reporting instances across the 126 studies. ‡

Treatment-seeking patients included those attending primary care, emergency

departments, and other outpatient services.

Most records were peer-reviewed journal articles (118/126, 94%), with peaks in publication

around 2009, during the influenza H1N1 (swine flu) pandemic and in 2020 following the

start of SARS-CoV-2 pandemic (Appendix A2.5). Of the included studies, 10 (8%) were

multinational and the remaining 116 (92.1%) were national or subnational. Data came

from 84 countries, most commonly in high-income settings (117/255 country appearances,

46%). Europe was the most commonly represented region (84/255, 33%); however, the
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top 3 most represented countries were Mexico (17 studies, 14%), the United States (13,

10%) and Brazil (11, 9%).

3.4.3 Severity markers

Eleven groups of candidate severity markers were identified: 4 groups of severe outcomes

and 7 groups of potential predictors of severe outcomes. In total, there were 77 distinct

candidate severity markers (Table 3.3) Twenty-one were classified as severe outcomes: 7

complications, 7 hospital-related events, 6 ICU-related events, and death. The remaining

56 were considered potential predictors of severe outcomes. These predictors comprised

20 presenting symptoms, 8 clinical signs, 14 severity scores, 8 investigations, 3 treatments,

2 absenteeism measures, and 1 indicator of health-seeking behaviour.

Table 3.3 shows 77 distinct severity markers identified in the systematic review by group.

It also reveals the number of markers subsequently excluded following the primary care

informatics review (described in detail in a later section of this chapter) and the number

of severity markers included for further use in subsequent chapters of the DPhil.

Table 3.3: Summary of included and excluded severity markers by group

Group Included Excluded Total

All groups (Grand total) 30 47 77

Severe outcomes

Complications 2 5 7

Hospital 3 4 7

Intensive Care 1 5 6

Death 1 0 1

Subtotal 7 14 21

Predictors of severe outcomes

Symptom 5 15 20

Health seeking behaviour 1 0 1

Absence 1 1 2

Clinical signs 8 0 8

Clinical scores 2 12 14

60



Chapter 3

Table 3.3 continued

Group Included Excluded Total

Investigation 3 5 8

Treatments 3 0 3

Subtotal 23 33 56

Notes: “Included” refers to markers judged suitable for ARI severity surveillance in

UK primary care; “Excluded” were considered unsuitable due to reasons such as lack

of specificity, timeliness, or availability in the clinical record. “Total” is the sum of

included and excluded markers in each group.

The five most frequently reported severity markers were death (100/139 reporting in-

stances, 72%), ICU admission (62/139, 44%) ventilation (48/139, 35%), cough (47/139,

34%) and dyspnoea (42/139, 35%) (Table 3.2).
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Figure 3.2: Horizontal bars show the top 40 most frequently reported severity markers
from the systematic review, ordered by the percentage of studies reporting each marker.

Bars are coloured by classification: Severe outcome (red) versus Predictor of severe
outcome (blue). Values on bars are exact percentages (% of included studies that

reported the marker). ICU: intensive care unit; IV: intravenous; ECMO: extracorporeal
membrane oxygenation.

3.4.4 Primary care informatics review

Following the primary care informatics review, 47 of the original 77 candidate markers

were deemed unlikely to add value to CMR-based ARI surveillance in primary care.

Of the 30 remaining severity markers , 7 were grouped as severe outcomes and 23 as

predictors of severe outcomes. Table 3.4 shows all severity markers classified as severe
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outcomes and Table 3.5 shows the predictors of severe outcomes identified in the systematic

review and whether or not they were included in the final set following the primary care

informatics review. The rationale for inclusion or exclusion highlights key considerations

that determined whether the marker was included or not.

Whilst there may be pros and cons to inclusion of each marker if included that indicates that

on balance it was deemed likely to be valuable. For example, respiratory complications

(acute respiratory failure) were included because it was deemed to be a severe outcome

and specific enough to relate back to a case of ARI. Whilst not likely to be recorded

contemporaneously, it could be recorded following a discharge summary. On the other

hand cardiac complications, could occur following an ARI, but this is less specific and

harder to directly attribute to the specific ARI case. Another example is the inclusion of

a hospital admission or attendance as these are severe and commonly reported outcomes.

Furthermore, they are very likely to be recorded (albeit with a delay) following receipt

of a hospital discharge summary. Although these are also difficult to directly attribute to

an ARI case if they occur in close temporal proximity to the onset of the ARI it would

increase the likelihood of there being an association. Hospital length of stay however is

not viable as it is rarely if ever recorded in the primary care CMR

Table 3.4: Severity markers: Severe outcomes inclusion status rationale

Severe outcome (n reporting instances from systematic review, %)

COMPLICATIONS

Respiratory complications: INCLUDED (18/139, 13%)

Description: Any acute complication of the respiratory system including respiratory failure and

ARDS.

Rationale: Severe outcome. ARI-specific (esp. respiratory failure). Recorded in CMR via

hospital discharge summaries, so not timely.

Sepsis: INCLUDED (4/139, 3%)

Description: Severe systemic infection including septic shock and systemic inflammatory

response syndrome (SIRS).

Rationale: Severe outcome. Infection-related although not ARI-specific. Recorded in CMR via

hospital discharge summaries, so not timely.
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Table 3.4: continued

Severe outcome (n, %)

Cardiac complications: EXCLUDED (11/139, 8%)

Description: Any acute complication of the cardiovascular system including acute coronary

syndrome (ACS) and acute heart failure.

Rationale: Severe, although ACS would likely be recorded in the CMR, less specific for ARI

and therefore excluded. Would be recorded from discharge summary and not be timely.

Neurological complications: EXCLUDED (11/139, 8%)

Description: Acute neurological complications such as transient ischaemic attack (TIA) and

cerebrovascular accident (CVA).

Rationale: Severe, although TIA/CVA would likely be recorded in the CMR but is less specific

for ARI and therefore excluded. Would be recorded from discharge summary and not be timely.

Renal complications: EXCLUDED (5/139, 4%)

Description: Any acute renal complication including acute kidney injury (AKI).

Rationale: Severe, although AKI would likely be recorded in the CMR, less specific for ARI

and therefore excluded. Would be recorded from discharge summary and not be timely.

Organ failure: EXCLUDED (3/139, 3%)

Description: Any other non-specific organ failure or multiple organ failure.

Rationale: Severe but non-specific and less likely recorded in the CMR. If recorded not timely.

Haemodynamic shock: EXCLUDED (1/139, 1%)

Description: Acute circulatory failure.

Rationale: Severe complication; Non-specific to ARI, therefore excluded. Less likely recorded

in the CMR. If re not timely

HOSPITAL

Hospital Admission: INCLUDED (27/139, 19%)

Description: Emergency hospital admission for an ARI.

Rationale: Standard epidemiological severe outcome. Admissions are captured via hospital

discharge summaries, so reporting is not timely. Included, but in primary care CMRs, both an

admission and a diagnosis (e.g., pneumonia) may be recorded, but they are not directly linked,

making it difficult to define an ARI-specific admission.

Hospital Attendance: INCLUDED (2/139, 1%)

Description: Emergency hospital attendance for an ARI.
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Table 3.4: continued

Severe outcome (n, %)

Rationale: Standard epidemiological severe outcome. Attendances are captured via emergency

department discharge summaries, so reporting is not timely, but may be more timely than an

admission for which discharge summaries are often delayed. Included, but again link between

reason for attendance and attendance not possible. .

Hospital Attendance Advised: INCLUDED (6/139, 4%)

Description: Emergency hospital attendance for an ARI advised.

Rationale: Indicates higher concern by the clinician, as emergency attendance is recommended.

More easily attributable to an ARI since the advice is usually recorded at the same time as the

ARI consultation in the primary care CMR, so more timely than outcomes captured via hospital

discharge summaries. However, such advice is less consistently recorded compared with

admissions or attendances.

Length of hospital stay: EXCLUDED (41/139, 29%)

Description: Duration of time spent in hospital for an ARI.

Rationale: Not routinely recorded in the primary care CMR therefore excluded.

Oxygen administration: EXCLUDED (4%)

Description: The administration of oxygen therapy.

Rationale: Not routinely recorded in the primary care CMR therefore excluded.

Intravenous fluid administration: EXCLUDED (27%)

Description: The administration of intravenous fluid therapy.

Rationale: Not routinely recorded in the primary care CMR therefore excluded.

INTENSIVE CARE

Intensive Care Unit Admission (ICU): INCLUDED (62/139, 45%)

Description: Emergency admission to the ICU for ARI.

Rationale: Standard epidemiological severe outcome. As for hospital admission. Included but

hard to link admission reason to admission event

Mechanical Ventilation: EXCLUDED (48/139, 35%)

Description: Either non-invasive or invasive ventilator support.

Rationale: Not routinely recorded in the primary care CMR therefore excluded.

Intensive Care Unit Length of Stay (ICU Length of Stay): EXCLUDED (5/139, 4%)

Description: Duration of time spent in ICU for an ARI.

Rationale: Not routinely recorded in the primary care CMR therefore excluded.

Extracorporeal Membrane Oxygenation (ECMO): EXCLUDED (7/139, 7%)
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Table 3.4: continued

Severe outcome (n, %)

Description: A life-support measure that provides extracorporeal cardiac and respiratory

support.

Rationale: Not routinely recorded in the primary care CMR therefore excluded.

Inotropic Support: EXCLUDED (2/139, 1%)

Description: Inotropic support for critically ill patients.

Rationale: Not routinely recorded in the primary care CMR therefore excluded.

Duration of Ventilation: EXCLUDED (2/139, 1%)

Description: Duration of time spent on mechanical ventilation for an ARI.

Rationale: Not routinely recorded in the primary care CMR therefore excluded.

DEATH

Death: INCLUDED (100/139, 72%)

Description: –

Rationale: Standard epidemiological severe outcome. Recorded in primary care CMRs

therefore included, but attribution to ARI is uncertain as cause of death is not systematically

coded. Deaths may be recorded more promptly than hospitalisations, since automatic systems

exist in the NHS to capture deaths across all healthcare settings.

Note: Green = Included; Red = Excluded. Within each outcome group, markers are ordered by

inclusion status and descending frequency of reporting. Figures represent reporting frequency

from the systematic review n (%). ARI: acute respiratory infection; CMR: computerised

medical record; ICU: intensive care unit; ARDS: acute respiratory distress syndrome.

Table 3.5: Severity markers: Predictors of severe outcomes inclusion status rationale

Predictor (n, %)

SYMPTOM

Dyspnoea: INCLUDED (42/139, 30%)

Description: Subjective shortness of breath.

Rationale: May indicate compromise of the respiratory system and hypoxia, making it a marker

of more severe infection. If recorded, it is usually done at the time of the ARI consultation,

making it specific and timely.

Fever: INCLUDED (41/139, 29%)
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Table 3.5: continued

Predictor (n, %)

Description: Elevated body temperature.

Rationale: May indicate a degree of systemic upset and a more widespread response to

infection. If recorded, it is usually captured at the time of the ARI consultation, making it

specific and timely. Less value as a marker in paediatric patients (where fever is very common)

and in older adults (who may not mount a febrile response).

Malaise and Loss of Appetite: INCLUDED (23/139, 17%)

Description: Generalised tiredness and reduced appetite.

Rationale: May indicate systemic upset and more severe illness. If recorded, it is usually

captured at the time of the ARI consultation, making it timely and specific.

Haemoptysis: INCLUDED (7/139, 5%)

Description: Coughing up blood.

Rationale: May indicate more severe respiratory infection due to airway or lung tissue damage

and associated inflammation. If recorded, it is usually done at the time of the ARI consultation,

making it specific and timely.

Confusion: INCLUDED (3/139, 2%)

Description: Altered mental state or disorientation.

Rationale: May indicate systemic upset, especially in very young or older patients. Often linked

with hypoxia, sepsis, or shock. If recorded, it is usually captured at the time of the ARI

consultation, making it timely and specific.

Cough: EXCLUDED (47/139, 34%)

Description: Forceful expulsion of air to clear the airways.

Rationale: Not thought to be a strong enough discriminator of severity therefore excluded.

Sore Throat: EXCLUDED (36/139, 26%)

Description: Pain or irritation of the throat.

Rationale: Not thought to be a strong enough discriminator of severity therefore excluded.

Myalgia or Arthralgia: EXCLUDED (30/139, 22%)

Description: Muscle or joint pain.

Rationale: Not thought to be a strong enough discriminator of severity therefore excluded.

Nasal Congestion and Rhinorrhoea: EXCLUDED (30/139, 22%)

Description: Blocked and/or runny nose.

Rationale: Not thought to be a strong enough discriminator of severity therefore excluded.

Diarrhoea: EXCLUDED (27/139, 19%)
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Table 3.5: continued

Predictor (n, %)

Description: Loose or watery stools.

Rationale: Not thought to be a strong enough discriminator of severity therefore excluded.

Nausea and Vomiting: EXCLUDED (27/139, 19%)

Description: Queasiness with or without vomiting.

Rationale: Not thought to be a strong enough discriminator of severity therefore excluded.

Productive Cough: EXCLUDED (12/139, 9%)

Description: Cough producing sputum.

Rationale: Not thought to be a strong enough discriminator of severity therefore excluded.

Chest Pain: EXCLUDED (15/139, 11%)

Description: Pain or discomfort felt in the chest.

Rationale: Not thought to be a strong enough discriminator of severity therefore excluded.

Abdominal Pain: EXCLUDED (10/139, 7%)

Description: Pain localised to the abdomen.

Rationale: Not thought to be a strong enough discriminator of severity therefore excluded.

Loss of Taste or Smell: EXCLUDED (8/139, 6%)

Description: Reduced or absent taste or smell.

Rationale: Recognised indicator of possible SARS-CoV-2 infection, however this doesn’t

necessarily indicate more severe infection, therefore excluded.

Seizures: EXCLUDED (8/139, 6%)

Description: Febrile convulsions.

Rationale: May be a complication of any febrile illness in child, but may not reflect severity.

Although likely recorded less specific therefore excluded.

Ear Pain: EXCLUDED (3/139, 2%)

Description: Earache (otalgia).

Rationale: Not thought to be a strong enough discriminator of severity therefore excluded.

Irritability: EXCLUDED (1/139, 1%)

Description: In a child.

Rationale: Likely marker of severity, but thought to be less likely recorded in the CMR.

Retroocular pain: EXCLUDED (1/139, 1%)

Description: Pain felt behind the eyes.

Rationale: Not thought to be a strong enough discriminator of severity therefore excluded.

Duration of Illness: EXCLUDED (9/139, 6%)
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Table 3.5: continued

Predictor (n, %)

Description: Time from symptom onset to presentation.

Rationale: Not routinely recorded in the primary care CMR therefore excluded.

HEALTH SEEKING BEHAVIOUR

Health seeking behaviour: INCLUDED (3/139, 2%)

Description: Patient contacts or attends healthcare services.

Rationale: Includes ambulance encounters or contact with NHS 111 (a free UK advice line).

Seeking urgent or unscheduled care may indicate the patient or clinician perceived the illness as

more severe. Likely recorded in primary care CMRs. Not ARI-specific, but included on balance.

ABSENCE

Work Absence: INCLUDED (7/139, 5%)

Description: Time off work due to illness.

Rationale: Very likely recorded in primary care via electronic fit notes (Med3). Longer

absences (e.g., >2 weeks) may reflect greater severity of illness. However, the reason for

absence is not always identifiable, and this is only relevant for working-age adults.

School Absence: EXCLUDED (5/139, 4%)

Description: Time off school due to illness.

Rationale: Very unlikely recorded as no statutory need to document therefore, excluded.

CLINICAL SIGNS

Body Temperature: INCLUDED (17/139, 12%)

Description: Measured temperature at presentation.

Rationale: Fever or abnormal temperature is a recognised marker of systemic upset and can

indicate systemic involvement. Likely to be recorded at the time of the ARI event in primary

care, therefore timely.

Respiratory Rate: INCLUDED (14/139, 10%)

Description: Breaths per minute.

Rationale: An abnormal respiratory rate is a recognised marker of systemic upset and

respiratory compromise. Likely to be recorded at the time of the ARI event in primary care,

therefore timely.

Chest Examination Findings: INCLUDED (13/139, 9%)

Description: Auscultatory findings such as wheeze or crackles.
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Table 3.5: continued

Predictor (n, %)

Rationale: Findings such as wheeze or crackles may indicate lower respiratory tract

involvement and possible complications like pneumonia, indicating greater severity. Likely

recorded at time of the ARI consultation in primary care, and therefore timely.

Oxygen Saturation (O2 Sat): INCLUDED (15/139, 11%)

Description: Peripheral oxygen saturation by pulse oximetry.

Rationale: Oxygen saturation is an indirect measure of hypoxia and a key marker of respiratory

compromise and systemic upset. Likely to be recorded at the time of the ARI event in primary

care, therefore timely.

Pulse Rate: INCLUDED (6/139, 4%)

Description: Heart beats per minute.

Rationale: Tachycardia or bradycardia is a recognised marker of physiological stress and

systemic upset. Likely to be recorded at the time of the ARI event in primary care, therefore

timely.

Blood Pressure (BP): INCLUDED (4/139, 3%)

Description: Arterial pressure measured non-invasively.

Rationale: Blood pressure can indicate circulatory compromise in severe ARI. Likely recorded

at the time of the ARI event in primary care, therefore timely, but not commonly recorded in

children.

Work of Breathing: INCLUDED (7/139, 5%)

Description: Increased effort (e.g., accessory muscle use, grunting).

Rationale: Helps in the assessment of severity as increased effort (e.g., use of accessory

muscles, grunting) indicates respiratory distress and possible hypoxia. Likely recorded at the

time of the ARI event in primary care, therefore timely.

Cyanosis: INCLUDED (4/139, 3%)

Description: Bluish discolouration of skin or mucosae.

Rationale: Indicates significant hypoxia and is therefore a marker of severe disease. Although

relatively uncommon in primary care, if present it is likely to be recorded at the time of the ARI

consultation, making it timely.

CLINICAL SCORES

Modified Early Warning Score (MEWS): INCLUDED (1/139, 1%)

Description: Hospital early-warning score based on vital signs (includes

MEWS/NEWS/NEWS2/PEWS).
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Table 3.5: continued

Predictor (n, %)

Rationale: Captures severity through changes in multiple vital signs and is widely used in

hospitals. In the NHS, National Early Warning Score 2 (NEWS2) has replaced MEWS as the

standard tool for detecting critical illness. Less commonly recorded in primary care, but

included due to its relevance as a cross-sector severity measure.

Glasgow Coma Scale (GCS): INCLUDED (1/139, 1%)

Description: Neurological scale assessing level of consciousness.

Rationale: A neurological scale assessing level of consciousness. Severe reductions in GCS

reflect significant systemic or neurological compromise and therefore serve as a strong indicator

of severity. Commonly used across the NHS, though less frequently recorded in primary care.

Included due to its clear role as a severity marker.

Sequential Organ Failure Assessment score (SOFA): EXCLUDED (3/139, 2%)

Description: Critical care score of organ dysfunction and mortality risk.

Rationale: very unlikely used in primary care therefore excluded.

Simplified Acute Physiology Score II (SAPS II): EXCLUDED (1/139, 1%)

Description: Intensive care physiology-based severity score.

Rationale: very unlikely used in primary care therefore excluded.

Acute Physiology and Chronic Health Evaluation IV (APACHE IV): EXCLUDED (1/139,

1%)

Description: ICU severity score incorporating physiology and comorbidity.

Rationale: very unlikely used in primary care therefore excluded.

Paediatric Risk of Mortality III Score (PRISM III): EXCLUDED (1/139, 1%)

Description: Paediatric intensive care mortality risk score.

Rationale: very unlikely used in primary care therefore excluded.

Barthel Index: EXCLUDED (1/139, 1%)

Description: Activities of daily living functional score.

Rationale: very unlikely used in primary care therefore excluded.

EuroQol EQ-5D: EXCLUDED (1/139, 1%)

Description: Health-related quality-of-life instrument.

Rationale: very unlikely used in primary care therefore excluded.

ViVI Disease Severity Score: EXCLUDED (1/139, 1%)

Description: Influenza-specific clinical severity score.

Rationale: very unlikely used in primary care therefore excluded.
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Table 3.5: continued

Predictor (n, %)

Paediatric Chinese Medical Association Score: EXCLUDED (1/139, 1%)

Description: COVID-specific severity score used in China.

Rationale: very unlikely used in primary care therefore excluded.

Influenza Symptom Severity Scale (ISS): EXCLUDED (1/139, 1%)

Description: Patient-reported influenza symptom severity/impact score.

Rationale: very unlikely used in primary care therefore excluded.

World Health Organization (WHO) severity score: EXCLUDED (2/139, 1%)

Description: WHO classification of clinical COVID-19 severity.

Rationale: very unlikely used in primary care therefore excluded.

American Academy Paediatrics Severity Score: EXCLUDED (1/139, 1%)

Description: Paediatric disease severity scoring tool.

Rationale: very unlikely used in primary care therefore excluded.

Project-Specific Composite Score: EXCLUDED (10/139, 7%)

Description: Study-defined combination of markers (e.g., symptoms or hospitalisation+death).

Rationale: very unlikely used in primary care therefore excluded. However, could be

theoretically constructed from a combination of other severity markers, therefore excluded in its

own right.

INVESTIGATION

White blood cell count: INCLUDED (11/139, 8%)

Description: Total circulating leukocytes with differential.

Rationale: Elevated or abnormal WBC can indicate systemic infection or more severe

inflammatory response. If undertaken in primary care, results are recorded in CMRs, but often

become available some time after the ARI consultation, reducing timeliness and specificity.

However, on balance included.

Inflammatory markers: INCLUDED (5/139, 4%)

Description: CRP and/or ESR as acute-phase reactants.

Rationale: Elevated inflammatory markers indicate systemic infection or more severe

inflammatory response. If undertaken in primary care, results are recorded in CMRs, but often

become available some time after the ARI consultation, reducing timeliness and specificity.

However, on balance included.

Chest X-ray: INCLUDED (9/139, 6%)

Description: Radiograph to assess lung parenchyma and consolidation.
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Table 3.5: continued

Predictor (n, %)

Rationale: Findings such as consolidation or parenchymal changes can indicate more severe

respiratory disease (e.g., pneumonia). If requested in primary care, results are recorded in

CMRs, though they are usually available after the ARI consultation, limiting timeliness and

specificity.

Renal function tests: EXCLUDED (3/139, 2%)

Description: Serum urea/creatinine indicators of renal injury.

Rationale: Less specific and commonly ordered for other reasons therefore excluded.

Liver function tests: EXCLUDED (2/139, 1%)

Description: Transaminases and related markers of hepatic injury.

Rationale: Less specific and commonly ordered for other reasons therefore excluded.

Fibrinogen: EXCLUDED (1/139, 1%)

Description: Coagulation protein altered in inflammation/DIC.

Rationale: Very rarely recorded in primary care therefore excluded.

Procalcitonin: EXCLUDED (1/139, 1%)

Description: Biomarker elevated in bacterial infection.

Rationale: Very rarely recorded in primary care therefore excluded.

Arterial blood gas: EXCLUDED (1/139, 1%)

Description: Blood gas assessment of oxygenation/acid–base status.

Rationale: Very rarely recorded in primary care therefore excluded.

TREATMENTS

Antibiotics: INCLUDED (19/139, 14%)

Description: Antibacterial medicines used for suspected bacterial ARI.

Rationale: Prescription of antibiotics often reflects increased clinical concern and may indicate

more severe infection. Very well recorded in primary care CMRs and available in a timely

manner. Common respiratory antibiotics include amoxicillin, penicillin V, macrolides,

doxycycline, co-amoxiclav, and cephalosporins.

Antivirals: INCLUDED (21/139, 15%)

Description: Antiviral medicines (e.g., oseltamivir) for influenza and related infections.

Rationale: Prescription of antivirals may indicate increased severity, depending on the specific

drug. Generally well recorded in primary care CMRs and available in a timely manner.

SARS-CoV-2 antivirals were excluded as they are rarely prescribed in primary care.

Steroids: INCLUDED (1/139, 1%)

73



Chapter 3

Table 3.5: continued

Predictor (n, %)

Description: Systemic corticosteroids used in selected acute respiratory conditions.

Rationale: Oral steroids are commonly prescribed in primary care for certain ARIs (e.g.,

exacerbations of asthma or COPD, and croup). Their use may indicate greater severity. They are

highly likely to be recorded in CMRs in a timely manner.

Note: Green = Included; Red = Excluded. Within each predictor group, markers are ordered by

inclusion status and descending frequency of reporting. Figures represent reporting frequency n

(%). ARI: acute respiratory infection; CMR: computerised medical record; CRP: C-reactive

protein; ESR: erythrocyte sedimentation rate; ICU: intensive care unit; RR: respiratory rate;

HR: heart rate; CXR: chest X-ray; BP: blood pressure.

3.4.5 Code list development

In total, 36 code lists were developed for the 30 severity markers Table 3.6 and 3.7. Of these

36, 6 were for the severe outcomes and 30 were for the predictors. The number of code

lists exceeded the number of severity markers to accommodate 2 specific types of health

seeking behaviour deemed to be most relevant in primary care, NHS111 and paramedic

(ambulance) encounters. Additionally, 6 antibiotic types were included, amoxicillin,

penicillin, macrolides, co-amoxiclav, doxycycline and cephalosporins. Death did not

require a code list as it is recorded in a structured (non-free text) field in the CMR.

Of the 36 code lists, 27 were binary (i.e., they represented an event that either occurred or

did not occur), and 9 were numeric, representing the recording of a numeric value such as

a clinical sign, score, or blood test result.

Table 3.6: Severity markers mapping to code lists: severe Outcomes

Severity marker Code list name List type
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Table 3.6: continued

Severity marker Code list name List type

SEVERE OUTCOMES

COMPLICATIONS

Respiratory failure AcuteRespiratoryFailure Binary

Sepsis Sepsis Binary

HOSPITAL

Hospital Admission HospitalAdmission Binary

Hospital Attendance HospitalAttendance Binary

Hospital Attendance Advised HospitalAttendanceAdvised Binary

INTENSIVE CARE

Intensive Care Unit

Admission

ICUAdmission Binary

DEATH

Death* N/A N/A

Note: *Death is recorded in a structured field in the clinical medical record (CMR), but

not using SNOMED coding. “Structured field” refers to a dedicated, coded data field as

opposed to free text, whereas SNOMED (Systematized Nomenclature of Medicine) is a

standard clinical terminology for interoperability. In most UK primary care CMR systems,

death registration is structured but does not use a SNOMED code.

Table 3.7: Severity markers mapping to code lists: predictors of severe Outcomes

Severity marker Code list name List type

PREDICTORS

SYMPTOM

Haemoptysis Haemoptysis Binary

Shortness of Breath Dyspnoea Binary

Fever FeverSymptom Binary

Malaise and Loss of Appetite MalaiseFaitigueAnorexia Binary

Confusion Confusion Binary

HEALTH SEEKING BEHAVIOUR
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Table 3.7: table continued

Severity marker Code list name List type

Health seeking behaviour NHS111* Binary

ParamedicEncounter Binary

ABSENCE

Work Absence Med3† Binary

CLINICAL SIGNS

Body Temperature Temperature Numeric

Pulse Rate PulseRate Numeric

Respiratory Rate RespRate Numeric

Oxygen Saturation (O2 Sat) O2Saturation Numeric

Blood Pressure (BP) BloodPressure Numeric

Work of Breathing RespDistress Binary

Chest Examination Findings RespCrackles Binary

RespWheeze Binary

Cyanosis Cyanosis Binary

CLINICAL SCORES

Modified Early Warning

Score (MEWS)

NEWS2‡ Numeric

Glasgow Coma Scale (GCS) GCS Numeric

INVESTIGATION

White blood cell count WBC Numeric

Inflammatory markers CRP Numeric

Chest X-ray CXRRequested Binary

TREATMENTS

Antibiotics§ Amoxicillin Binary

Penicillin Binary

Macrolides Binary

Co-amoxiclav Binary

Doxycycline Binary

Cephalosporins Binary

Antivirals¶ Oseltamivir Binary

Steroids OralPrednisolone Binary
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Note:*NHS111 is a free UK healthcare advice line. †Work Absence is typically captured

using electronic fit notes (Med 3). ‡NEWS2 (National Early Warning Score 2) is used as

the standard, cross-sector early warning score in the NHS. §Each antibiotic is a separate

code list capturing common respiratory antibiotics. ¶Oseltamivir selected as the only

antiviral that has been consistently available during the influenza season for many years.

SARS-CoV-2 drugs are not commonly prescribed in primary care.

3.5 DISCUSSION

3.5.1 Summary of main findings

In this chapter, I used a systematic review and expert opinion to develop a comprehensive

list of candidate severity markers for ARI surveillance. The systematic review analysed 126

studies from 84 countries across various healthcare settings and identified 77 potential

markers of severity. These were then reviewed by 4 experienced clinical primary care

informaticians who regarded 30 of these 77 as most likely to be of value for CMR-based

ARI surveillance. From these 30 markers, 36 code lists were defined, providing a practical

way to extract severity data from the RSC CMR and supporting subsequent stages of this

DPhil.

The candidate list comprehensively captured severe outcomes and predictors, incorporat-

ing studies from diverse settings and healthcare perspectives. Inclusion in the list was

based on reviewer discretion rather than strict evidence of an established association be-

tween a predictor and a severe outcome. This approach was taken to reflect concepts

commonly used in clinical practice, as markers frequently recorded in routine care are

more likely to be available for extraction from CMR systems.

Screening of the candidate list by primary care informatics experts identified the most

viable markers for use in primary care-based CMR surveillance of ARI. These experts

brought both clinical and informatics expertise, providing valuable contextual understand-

ing not only of how data is entered in clinical practice but also of how it is compiled and

processed. As a result the final list is likely to represent the most practical and reliable

severity markers for further analysis in this DPhil.
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3.5.2 Findings in context

Severe outcomes

The severe outcomes included reflect those of a similar or greater severity to hospitalisation.

For example, complications, such as sepsis, are highly likely to occur in a hospital setting.

These represent hard health outcomes commonly used as endpoints in clinical trials and

epidemiological studies and could serve as numerators to derive severity indicators most

closely aligned with CHR and CFR [78]. Although, these represent severe outcomes as

discussed in the introduction their timeliness is limited as they are recorded only after

disease onset, often delayed until a discharge summary is received. Secondly, there is no

clear way to explicitly link an ARI episode to an outcome, and a long lag between onset

and outcome reduces confidence in their association. To address this, complications more

plausibly attributable to ARI were prioritised, such as sepsis and respiratory failure, over

less specific concepts like renal failure.

Predictors of severe outcomes

In general, the predictors of severe outcomes selected are those most likely to support

timelier reporting of severity indicators. This is because they tend to be recorded contem-

poraneously during an episode of ARI. For example, symptoms, signs and clinical scores

are often used by clinicians to characterise an individual’s illness during a primary care

encounter. However, further work is required to understand whether these predictors can

be used as severity markers:

Firstly, the predictors were selected during the primary care informatics review, as they

were considered the most likely to be recorded and used in primary care. However,

true recording rates remain unknown. Furthermore, factors beyond severity, such as

evolving coding practices, may influence recording rates, potentially leading to increases

or decreases in severity indicators, independent of true severity. Before using these markers

it will be necessary to measure their recording rates in the primary care CMR and assess

how usage changes over time.
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Secondly, the extent to which the predictors can actually predict the severe outcomes is at

present not known. Many of the predictors, particularly scores, have been shown to predict

adverse outcomes in ARI. For example, National Early Warning Score 2 (NEWS2), can

identify COVID-19 patients at risk of death or ICU admission within 24 hours of admission

to hospital [79, 80]. However, those selected have not been tested as severe outcomes in

the context of a CMR-based primary care surveillance system. This work forms the basis

of chapter 5 of this DPhil.

Other research

Studies of ARI severity relevant to surveillance are limited, particularly in primary care.

This is because, in general, surveillance of severe ARIs is the remit of secondary care

surveillance systems [81]. As a result, most studies have focused on severity markers

more specific to hospital-based surveillance, for example, use of mechanical ventilation,

inotropic support or length of hospital stay [82, 83]. This systematic review, by focusing

on primary care surveillance, is a novel contribution to this field.

Many other studies of ARI severity are focused on identifying patient level factors to

support clinical risk stratification. This includes development of widely used scoring

systems such as NEWS2 and the Sequential Organ Failure Assessment (SOFA) scoring

systems [84, 85]. Many of these were identified by this systematic review. The NEWS2

score was included because it is the cross sector NHS critical illness score and could be used

to define severity indicators in various settings in the UK. However, any scoring systems

are typically validated in a context relevant to their use so here, as with all the severity

markers identified, further validation in the context of primary care ARI surveillance is

required.

Other considerations

This chapter has focused on identifying disease characteristics or outcomes that can help

assess ARI severity. However, it is clear that patient level factors are also incredibly

important. This includes age, the patient’s socioeconomic status, pre-morbid state and
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their vaccination status [86]. Consideration for how these are handled will be required.

For example, will severity markers be defined within specific age bands or risk groups.

ARI is a heterogeneous group of conditions and what is considered severe for one ARI

subtype may not be considered severe for another. For example, hospital attendance or

admission is a relatively common outcome of a URTI particularly in children where as

death is not and is not likely to be a suitable severity marker for URTIs [87].

3.5.3 Implications for public health

The severity markers categorised as severe outcomes are those more commonly used

to define severity indicators in surveillance, such as CHR and CFR. Although, these

indicators are not timely they could support seasonal or annual severity reporting, this

could augment RSC annual reports. Identifying potential predictors of adverse outcomes

facilitates the development of more timely indicators. Subject to further work, this could

reduce the lag in reporting severity and may support near real-time intelligence for public

health authorities.

3.5.4 Broader relevance

The work here has been done primarily to meet the needs of this DPhil. However,

screening the 77 candidate markers could help generate a list relevant to other research

or surveillance settings, broadening the applicability of this work. This is supported by

the fact that all severity markers identified for secondary care surveillance in the two

aforementioned studies were identified by this systematic review [82, 83]. By extension,

those working in other settings, such as, community-based surveillance may also find this

work useful [88].
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3.5.5 Limitations

The choice to include a severity marker is a subjective decision. Initially, it was down to

whether the individual reviewer deemed it suitable for inclusion. The question used to

guide the decision on inclusion, the independence of reviewers and use of a third reviewer

helped to reduce, but not eliminate, this issue. This could limit the reproducibility of this

review.

Furthermore, in identifying potential severity markers, the systematic review did not

require a specific predictor to be statistically significantly associated with severe outcomes.

While this approach could theoretically limit the predictive value of some markers, it was

intended to ensure a comprehensive review and allow for the testing of a broad range of

potential markers within the primary care CMR context. Imposing a restriction to include

only statistically significant predictors may have introduced bias toward hospital-based

predictors, given that most studies were conducted in hospital settings.

The choice of a systematic review, while reasonable, was not the only methodological

approach available. A Delphi process could have generated a similar set of severity

markers, while also achieving consensus among a broader range of stakeholders [89]. In

hindsight, a Delphi approach may have produced greater objectivity in reaching agreement,

but would likely have synthesised a narrower range of published evidence. The ideal

approach may have been to integrate a Delphi process with the informatics review, thereby

combining the breadth of a literature-based synthesis with structured expert consensus.

This DPhil focuses on defining severity markers that are recorded in the primary care

CMR. As described, the lack of ability to determine a cause for hospitalisation or a cause

for death in the data is a limitation. The effect is that we can only currently assess all-cause

hospitalisation or death. If we were able to link these data to other NHS datasets, such as

Hospital Episode Statistics (HES), we could then determine a reason for hospitalisation

[90]. The same applies to the Office for National Statistics (ONS) death dataset, which

contains a cause of death. Linkage is technically possible, but is not within the scope of
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this DPhil. Moreover, linkage adds significant technical challenges that would increase

the complexity and cost of the surveillance system and reduce its timeliness, as death data

and HES data are often only made available up to 2 months after the discharge. Validating

the hospitalisation and death data in primary care against the HES and ONS data could be

an important piece of work.

3.5.6 Summary

The key implications of this work for the remaining stages of the DPhil are as follows.

Firstly, there is potential to develop severity indicators using hard outcomes, though these

are likely to be limited in timeliness. Secondly, several potential predictors could form

the basis of more timely severity indicators. However, crucially, further work is needed

to establish the viability of both approaches. This includes evaluating the data quality of

severity markers in the CMR for the relevant ARI subtype and assessing the association

between predictors and severe outcomes. The next chapter of my DPhil will examine the

recording quality and temporal dynamics of these markers using data from the RSC.
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Data quality assessment of severity markers in

primary care computerised medical records

4.1 INTRODUCTION

Through use of a systematic review, Chapter 3 identified thirty potential severity markers

for primary care CMR-based ARI surveillance (Table 3.6 and 3.7). In this chapter, I

evaluate the data quality of the candidate severity markers in the primary care CMR,

assessing the extent to which they are recorded and the stability of recording over time.

This work is necessary because CMR data is primarily collected to support patient care

rather than for alternative purposes, such as ARI surveillance [67]. While clinicians

are responsible for maintaining high-quality patient records, their focus when entering

data into the primary care CMR is on meeting the immediate needs of the patient and

their organisation, rather than on the data’s potential use beyond that context [91, 92].

Consequently, it cannot be assumed that the data will meet the needs of any given additional

purpose [93, 94]. Evaluation of the data quality of candidate severity markers is therefore

highly advisable prior to their use for surveillance.

There are a number of frameworks for assessing the quality of CMR data used for sec-

ondary purposes [95, 96]. Using expert opinion Kahn et al. identified three data quality

‘categories’, conformance, completeness and plausibility [96]. Conformance refers to

whether a data item meets the technical constraints of a given data model. Completeness

relates to whether expected data are present or not and plausibility refers to whether the

values present are believable or not. Plausibility includes a temporal component relating
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to the believability of changes in recording over time.

While data quality frameworks are valuable, they are context specific and must be tailored

to the given use case. Here, I focus on measuring the completeness of recording of

numeric severity markers in the context of ARI and the plausibility of observed temporal

changes in severity marker recording. Conformance is largely handled internally by the

RSC’s automated data cleaning processes and is not further considered in this DPhil. Non-

temporal plausibility is also handled as part of data processing, for example, non-plausible

values such as negative blood pressure values are excluded.

Here, I assess completeness of recording of severity markers because, although the primary

care informatics review selected markers that were theoretically used in practice, the extent

to which they are actually recorded in the CMR is unknown and needs to be assessed.

This is particularly important because this DPhil relies on SNOMED encoded data alone

and doesn’t include free text. If clinical signs are recorded in only a minority of cases

then these are not likely to be of value as ARI severity markers. However, these assertions

must be tested empirically.

Assessing the plausibility of temporal changes (or temporal dynamics) in severity marker

recording is essential in the context of this DPhil. Surveillance focuses on monitoring

changes in indicators over time, such as CHR. However, temporal dynamics may be

influenced by a number of non-severity related factors. For example, the introduction of

pay for performance schemes such as QoF and the transition to new clinical terminologies

[97–100]. Additionally, significant global events like the pandemic are known to have

resulted in changes in coding patterns of chronic disease. It is highly likely such events

would also influence recording of ARI-related severity markers [101].

4.2 CHAPTER AIM AND OBJECTIVES

4.2.1 Aim

Assess the data quality of severity markers in the primary care CMR.
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4.2.2 Objectives

1. Measure severity marker recording completeness: Use recording rates to assess

the completeness of ARI severity marker recording for ARI and ARI subtypes in

the primary care CMR.

2. Assess the temporal dynamics of severity markers: Use weekly recording rates

over time, to assess the temporal dynamics of recording rates of ARI severity markers

in the primary care CMR.

4.3 METHODS

I conducted a retrospective cohort study using data from ORCHID. A detailed description

of the RSC and its data infrastructure including ORCHID is presented in chapter 1. [40].

In brief, the data are securely hosted within ORCHID, a large, secure Trusted Research

Environment (TRE) that receives and stores routinely collected primary care CMR data

from two data providers: Optum Health, formerly Egton Medical Information Systems

(EMIS) and Magentus [40]. For this study, only data from practices using Optum Health

systems were analysed due to information governance constraints.

The Optum dataset includes information from approximately 1,200 primary care prac-

tices across England, covering nearly 20 million patients, of whom around 12 mil-

lion are currently active. It contains demographic data (including date of death) and

SNOMED–encoded clinical information, including diagnoses of acute and chronic con-

ditions, immunisations, prescriptions, investigations, and other relevant clinical concepts.

Data encoded in free-text is not made available by data providers to the RSC. Thus, this

work does not include any free-text analysis.

4.3.1 Study population

Prior to applying inclusion and exclusion criteria, standard RSC data quality procedures

were conducted to remove ambiguous or invalid records. These procedures excluded only
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0.05% of patients from the cohort. The procedures included:

1. Only data from the most recently registered practice was included for individuals

registered with multiple practices. This includes any data transferred from the

patients previous practices and reduces duplication.

2. Individuals without a valid NHS number were not eligible for inclusion.

3. Those registered with an RSC practice but recorded as deceased before the study

start date were also excluded.

4.3.2 Eligibility criteria

Inclusion criteria

All individuals passing data quality checks registered with an RSC practice were eligible

for inclusion, regardless of age. The study included individuals with a valid ARI episode

recorded in the CMR between ISO week 40 of 2008 (29th of September 2008) and ISO

week 39 of 2024 (29th September 2024), spanning 16 influenza seasons (2008-2009 to

2023-2024).

Exclusion criteria

To ensure there was sufficient time for outcomes to be observed over the 56-day risk

window, I excluded individuals who contributed fewer than 56 days of person-time to

the cohort and had no recorded date of death. At the episode level, ARI episodes were

excluded if the patient de-registered within 56 days of the episode start date.

This approach could introduce collider selection bias, because eligibility for inclusion

then depends on length of registration at the practice. If the factors that influence early

de-registration are also related to risk of subsequent ARI or to the chance of a severe

outcome, this conditioning can distort the associations of interest.

Retention of those that died within 56 days will have limited the impact of this, but theoret-

ically some unknown association may have remained. However, because de-registration
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within a 56-day window was uncommon in this dataset any residual collider bias is likely

to be small, although this remains an acknowledged limitation.

Additionally, individuals who had activated their right to opt out of data sharing through

the National Data Opt-out (NDOO) or Type-1 GP-based opt out were excluded from the

study [102].

4.3.3 Data characteristics and preparation

ARI Episode definition

Episodes of ARI were identified using the PhA developed in Chapter 2, which defines

ARI as a hierarchical condition with three levels (Figure 2.1) [44]. In this chapter, Level

2 ARI-NOS is separated into ARI-NOS and suspected COVID to allow closer inspection

of the data quality for suspected COVID-19 episodes. To manage duplicate coding, ARI

recorded within 28 days is treated as a single episode.

Severity marker definition

Severity markers were identified using the code lists curated in Chapter 3 and categorised

as either severe outcomes or predictors of severe outcomes. Severe outcomes refer to

less timely ‘hard’ clinical endpoints such as death, ICU admission, hospital attendance or

admission, and serious complications including sepsis and acute respiratory failure. In

contrast, predictors of severe outcomes such as symptoms, clinical signs, or scores are less

definitive but may be recorded earlier in the episode of ARI.

Variables

The primary dataset used for this analysis consisted of a single table, with each row

representing an ARI episode. Variables included unique practice and patient identifiers,

episode date variables, ARI Level 2 subtype (e.g., ILI or URTI), age band at the time of

the episode, risk group status, and a flag indicating whether or not a given severity marker

was recorded (Table 4.1).
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Table 4.1: Variables extracted for severity marker data quality assessment

Variable / Group Description

Unique patient ID A pseudonymised identifier, distinct from the NHS number.

Unique practice ID A non-traceable label identifying the practice to which the individual

belonged.

Episode date The earliest date of the given ARI episode.

Episode ISO week The ISO week of the given ARI episode.

Study period The study period in which the episode occurred. Study periods are

described in the Specific Objectives section below.

ARI subtype The ARI classification based on its level 2 indicator, e.g., URTI.

Age band Age bands as used for RSC weekly surveillance reports.

Risk group status Indicates whether an individual was considered to belong to a clin-

ical risk group, as defined by UKHSA [50]. These groups are op-

erationalised using PRIMIS business rules, which map SNOMED

code lists to specific clinical conditions [51].

Severity markers Severe outcomes: A binary flag indicating whether a severe out-

come was recorded in the CMR, defined as occurring within −7 to

56 days of the episode start date. Predictors of severe outcomes:

A binary flag for each predictor recorded within −7 to 14 days of the

episode, allowing for minor date inaccuracy in CMR event record-

ing.

Notes: NHS: National Health Service; ARI: acute respiratory infection; ISO:

International Organization for Standardization; URTI: upper respiratory tract

infection; RSC: Oxford–Royal College of General Practitioners Research and

Surveillance Centre; UKHSA: United Kingdom Health Security Agency; PRIMIS:

University of Nottingham, Primary Care Information Services; SNOMED:

Systematized Nomenclature of Medicine; CMR: computerised medical record.
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4.3.4 Specific objectives

Measuring recording rates

Recording rates for each severity marker were calculated. A recording rate is the percentage

of ARI episodes in which a given severity marker is recorded in the CMR. These are used

to address objectives 1 and 2 as outlined in Table 4.2. Not all severity markers were

applicable to all ARI episodes. For example, work absence is not relevant for all age

bands. I report overall recording rates for all severity markers regardless of their target

population but also calculate rates by ARI subtype and age band to enable more specific

assessment within relevant clinical groups.

Table 4.2: Use of recording rates to address study objectives on completeness (Objective 1) and
temporal dynamics (Objective 2) of severity marker recording

Subgroup Use of recording rates Objective

addressed

Overall ARI The recording rate of all severity markers for the

whole study period, focusing on clinical signs and

clinical scores.

Objective 1

ARI subtype The recording rate of all severity markers for each

ARI subtype (Figure 2.1) for the whole study pe-

riod.

Objective 1

Age band The recording rate of all severity markers for each

age band for the whole study period.

Objective 1

ISO week The recording rate of all severity markers for all

ARI episodes by ISO week in the study period.

Used to derive time-series plots.

Objective 2

Study periods The median weekly recording rates and interquar-

tile ranges calculated for the whole study period

and separately for each of the four study periods.

Objective 2

Notes: ARI: acute respiratory infection; ISO: International Organization for

Standardization;

89



Chapter 4

4.3.5 Episode summary

Prior to presenting results for the main objectives a summary of episode numbers for

overall ARI and by ARI subtype and age band are reported.

4.3.6 Completeness

Due to lack of access to free text, data completeness refers to the extent to which a clinical

truth is captured in the CMR using SNOMED codes. Completeness is estimated using the

recording rates of severity markers; however, these rates do not always accurately reflect

data completeness. To aid interpretation, severity markers can be grouped into three

contextual categories. Each group illustrates how recording rates relate to completeness.

Recognising these distinctions enables a more appropriate interpretation of recording

rates:

Context 1: Valid completeness measure

For many numeric severity markers, such as clinical signs, recording rates provide a direct

indication of completeness. For example, every individual with an ARI has a pulse rate,

whether or not it is recorded. If a pulse rate is not present in the CMR, we can be confident

that it was simply not documented, rather than absent in the patient. In these cases, missing

data clearly represents incomplete recording (although it may have been recorded in free

text).

Context 2: Structurally complete

For some binary markers, such as prescriptions, completeness is inherently high due to the

way these data are captured. For example, when a prescription is issued electronically, a

code is automatically added to the CMR. Therefore, if a prescription code is not present, it

is highly likely that no prescription was issued. While exceptions exist, such as handwritten

or private prescriptions, these are uncommon. In this case, recording rates do not add much

to our understanding of completeness, but they do offer a relatively accurate reflection of
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prescribing activity.

Context 3: Structurally incomplete

Other binary markers, such as symptoms, lack structural mechanisms to ensure consistent

recording. Their documentation depends on the judgment of the clinician. If a symptom

(for example) is not recorded, it isn’t clear whether the patient did not experience it or

whether it was simply not documented. This uncertainty means that recording rates cannot

be interpreted as a reliable measure of completeness. Some insights can be gained by

comparing observed recording rates to expected prevalence from literature or other data

sources, but this approach is imprecise. We know that the data is likely to be incomplete

but we can’t be certain to what extent. Table 4.3 categorises severity markers according

to these three contexts.

Table 4.3: Categorisation of severity markers by how recording rates relate to completeness

Severity marker group Implications for completeness

VALID COMPLETENESS MEASURE

Clinical Signs Numeric signs (e.g., pulse rate) can in principle be recorded for all

patients regardless of severity. The percentage of ARI episodes with

recorded signs directly reflects completeness. Binary signs (e.g.,

cyanosis, work of breathing, chest signs) provide only partial insight

because “recorded” ≈ “present”.

Clinical Scores As for clinical signs.

STRUCTURALLY COMPLETE

Work Absenteeism For working-age adults, sickness absence is recorded electronically

when a fit note (Med 3) is issued, embedding a SNOMED code in the

CMR. The absence of a Med 3 entry suggests no certificate was issued.

Older paper Med 3 forms may be missing from the CMR. Prior to 2012,

EMIS systems lacked electronic fit notes, so completeness may be

limited [103].
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Table 4.3: table continued

Severity marker group Implications for completeness

Prescriptions When a prescription is issued in primary care, a DM + D (SNOMED CT

medicines extension) code is automatically embedded in the record.

Absence of a prescription code likely indicates no prescription. Some

COVID-19 antivirals are prescribed in secondary care and may not

appear in the CMR.

Death Deaths may be manually coded via SNOMED; if occurring elsewhere,

the CMR is automatically updated via the PDS [104]. If not recorded as

deceased, a patient is probably alive. PDS updates should occur within

1 day, though delays can happen [105].

STRUCTURALLY INCOMPLETE

Symptoms Often recorded during encounters, but documentation is at clinician

discretion. Absence may reflect non-occurrence or omission.

Health Seeking Typically recorded when a summary document is received; inclusion

depends on practice workflows. Absence may indicate non-occurrence

or failure to record.

Complications Usually appear after hospital discharge; presence in the CMR depends

on documentation workflows. Absence may reflect non-occurrence or

omission; e.g., sepsis is known to be incompletely recorded [106].

Hospitalisation Typically recorded following receipt of a discharge summary. Absence

may mean either no admission or lack of documentation.

Intensive Care As for hospitalisation.

Investigations Results of primary care ordered tests are usually complete (electronic

feeds). Hospital-ordered results often do not appear in the CMR;

absence may mean “not ordered” or “done in secondary care”.

Notes: CMR: Computerised Medical Record; EMIS: Egton Medical Information Systems;

PDS: Personal Demographics Service; SNOMED: SNOMED CT; DM + D: Dictionary of

Medicines and Devices.

Analysis

Recording rates are presented for all severity markers, by category and group. The category

of the severity marker refers to whether it was a severe outcome or a predictor of a severe
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outcome. The group refers to the type of severity marker. For example, symptoms are a

group of severity markers within the category of predictors of severe outcomes.

A detailed assessment of completeness is only undertaken for severity markers where

recording rates are a valid measure of completeness (Table 4.3). Completeness is measured

for all ARI, ARI subtype and age band. In large datasets such as the RSC CMR, tests of

statistical significance may not add much value. This is because even very small differences

between groups can produce extremely small p-values, resulting in statistically significant

findings that may lack clinical relevance. For this reason, I did not report p-values.

To assess the independent association between data completeness of clinical signs and

ARI subtype, age band and risk group status, a multivariable logistic regression was

performed. In this analysis, for each individual a random ARI episode was selected to

maintain independence of observations. This avoids within-person correlation, which can

bias model standard errors.

In this model the dependent variable is a binary flag identifying where temperature or

pulse rate or respiratory rate or oxygen saturation or blood pressure were recorded. No

missing data is present in this analysis, however if no risk group is recorded the individual

is assumed not to be in a risk group, which likely underestimates the true number of

individuals in a risk group.

Independent variables included: ARI subtype, age band and risk group status. The model

formula is presented in Table 4.4. odds ratio (OR) and 95% confidence interval (CI)

are presented. Variance inflation factors were calculated to assess multicollinearity, and

model fit was evaluated using McFadden’s pseudo R-squared.
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Table 4.4: Logistic regression model specification for data completeness

Specification

Model formula:

logit{𝑃(𝑌 = 1)} = 𝛽0 +
𝑘−1∑︁
𝑖=1

𝛽1𝑖 (ARI subtype𝑖) +
𝑚−1∑︁
𝑗=1

𝛽2 𝑗 (age band 𝑗 ) + 𝛽3 (risk group) .

Outcome definition:

𝑌 = 1 if any of the following clinical signs were recorded: temperature, pulse rate, respiratory rate,

oxygen saturation, or blood pressure.

Reference categories (for 𝛽0):

Reference levels: ARI subtype = URTI; age band = 15–64 years; risk group = no.

𝜷1𝒊 (ARI subtype effects):

Change in log-odds of 𝑌 = 1 for ARI subtype 𝑖, for each of the 𝑘 − 1 non-reference subtypes.

𝜷2𝒋 (age band effects):

Change in log-odds of 𝑌 = 1 for age band 𝑗 , for each of the 𝑚 − 1 non-reference age bands.

𝜷3 (risk group effect):

Change in log-odds of 𝑌 = 1 for individuals in a clinical risk group (vs not in a risk group).

Notes: Model fitted as a multivariable logistic regression on a random ARI episode per

individual to avoid within-person correlation. No missing data in predictors; absence of a

recorded risk group is treated as not in a risk group (likely underestimates true risk-group

prevalence). ARI: acute respiratory infection; URTI: upper respiratory tract infection.

4.3.7 Temporal dynamics

To assess the temporal dynamics of severity markers in the CMR, recording rates for all

ARI episodes were calculated by episode week from ISO week 40 of 2008 (29th September

2008) to ISO week 39 of 2024 (29th September 2024). While recording rates cannot be

used to measure data completeness for all severity markers, changes in recording rates over

time can provide insights into the temporal dynamics of all severity markers. To support
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interpretation of temporal dynamics, the study period was divided into four distinct phases

centered on key milestones in the COVID-19 pandemic (Figure 4.1). Period 3 was defined

first, encompassing the COVID-19 pandemic, from the beginning of the month of the first

confirmed UK episode to the end of the respiratory season during which the final legal

restrictions were lifted [107, 108]. Everything after Period 3 represents the post-pandemic

period (Period 4). The pre-pandemic period was split into two equal phases: the early part

(Period 1) and the later part (Period 2).

Figure 4.1: Time line showing how periods of the study are defined and how they relate to
COVID-19 pandemic.

• Period 1 (Early pre-pandemic period): Start: 29 September 2008, End: 16 May 2014.

• Period 2 (Late pre-pandemic period): Start: 17 May 2014, End: 31 Decem-

ber 2019.

• Period 3 (Pandemic period): Start: 1 January 2020, End: 30 September 2022.

• Period 4 (Post-pandemic period): Start: 1 October 2022, End: 29 September 2024.

Comparing recording rates in Period 2 with Period 1 helps assess the magnitude of changes

in recording rates occurring prior to the pandemic. Comparison of Period 3 and 2 assesses

the magnitude of any changes in recording rates that occurred following the start of the

pandemic. Comparison of Period 4 with Period 3 helps evaluate how recording rates have

changed in the aftermath of the pandemic. Changes in recording rates may occur gradually

rather than in a discrete manner however, the combination of comparing recording rates
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in the periods and the plotting of time series allows broad quantification of differences

but also a visual assessment of the exact nature of these changes (e.g., gradual or abrupt

changes).

Analysis

To allow comparison of recording rates between study periods, median weekly recording

rates and interquartile ranges (IQRs) were calculated for all severity markers. Fold change

was used to quantify the relative difference in recording rates between two time periods

and is defined as the ratio of the recording rate in a comparison period to the recording

rate in a reference period (Table 4.5). A fold change greater than 1 indicates an increase,

while a fold change less than 1 indicates a decrease, relative to the reference (denominator

period in the ratio).

Table 4.5: Fold change of median weekly recording rates

Specification

Definition:

Fold change =
mwrrperiod B

mwrrperiod A

Where:

• mwrr = median weekly recording rate.

• period A = reference period.

• period B = comparison period.
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Table 4.5: Fold change of median weekly recording rates (continued)

Specification

Interpretation:

• Fold change > 1: relative increase in median weekly recording rates from period

A to B.

• Fold change < 1: relative decrease in median weekly recording rates from period

A to B.

Narrative:

Fold change reflects the relative change in median weekly recording rates between two

periods (A → B).

Additionally, time series plots of weekly recording rates were generated to visually assess

more temporally granular changes in recording rates.

4.4 RESULTS

4.4.1 Episode summary

A total of 8,726,583 unique individuals contributed 25,724,066 episodes of ARI over the

study period (Table 4.6). The majority of ARI episodes were URTIs (58.80%), followed

by LRTIs (30.52%), ECLD (3.88%), suspected COVID-19 (2.81%), ILI (2.29%) and ARI

NOS (1.69%). It is important to note that the age bands are not evenly distributed as they

follow the RSC age groupings used in UKHSA surveillance reporting. Most ARI episodes

occurred in individuals aged 15 to 64 years (49.65%) followed by those aged over 65 years

(18.31%), 1 to 4 year olds (14.66%), 5 to 14 years olds (12.66%) and under 1 year olds

(4.73%).
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Table 4.6: Summary of ARI episodes recorded, by age band and ARI subtype

Subtype All ages <1 yr 1–4 yrs 5–14 yrs 15–64 yrs 65+ yrs

All ARI
25,724,066

(100.00%)

1,217,235

(4.73%)

3,770,203

(14.66%)

3,255,466

(12.66%)

12,771,509

(49.65%)

4,709,653

(18.31%)

URTI
15,124,965

(58.80%)

909,034

(3.53%)

2,993,194

(11.64%)

2,651,556

(10.31%)

7,392,484

(28.74%)

1,178,697

(4.58%)

LRTI
7,852,119

(30.52%)

278,021

(1.08%)

662,091

(2.57%)

400,448

(1.56%)

3,755,049

(14.60%)

2,756,510

(10.72%)

ECLD
999,025

(3.88%)

122

(0.00%)

15,977

(0.06%)

57,822

(0.22%)

499,678

(1.94%)

425,426

(1.65%)

COVID
723,658

(2.81%)

7,868

(0.03%)

16,817

(0.07%)

58,844

(0.23%)

478,105

(1.86%)

162,024

(0.63%)

ILI
589,961

(2.29%)

5,640

(0.02%)

27,215

(0.11%)

45,930

(0.18%)

435,578

(1.69%)

75,598

(0.29%)

ARI NOS
434,338

(1.69%)

16,550

(0.06%)

54,909

(0.21%)

40,866

(0.16%)

210,615

(0.82%)

111,398

(0.43%)

Notes: URTI: Upper respiratory tract infection; LRTI: Lower respiratory tract infection; ARI

NOS: ARI not otherwise specified; ECLD: Exacerbations of chronic lung disease; ILI:

Influenza-like illness; COVID: Suspected COVID-19. Cells show the number of ARI

episodes, with percentages in brackets giving the proportion of all ARI episodes across all

ages (N = 25,724,066) represented by each cell (i.e. percentages do not sum to 100% within

rows or columns).

4.4.2 Recording rates

Severe outcomes were recorded in 2,032,592 (7.90%) of the 25,724,066 ARI episodes

(Table 4.7). Hospital-related outcomes were the most commonly recorded, documented

in 7.44% of episodes. Hospital attendance was more frequently recorded than hospital

admission (6.56% vs. 1.56%). Death within 56 days was recorded in 0.62% of episodes.

Complications were recorded in 0.18% of episodes, with sepsis being the most frequently

documented complication (0.16%). ICU admission was rarely recorded, just 0.01% of

episodes.
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Table 4.7: Recording rates for severe outcomes and predictors of severe outcomes by severity
marker group

Severity marker category Severity marker

group

Recording rate n (%)

Severe outcomes

2,032,592 (7.90%)

Hospital 1,915,077 (7.44%)
Died ≤ 56 days 160,387 (0.62%)
Complications 45,058 (0.18%)
ICU admission 2,038 (0.01%)

Any predictor

19,777,697 (76.88%)

Prescription 15,991,549 (62.16%)
Sign 9,033,534 (35.11%)
Investigation 1,811,721 (7.04%)
Symptom 979,188 (3.81%)
Absenteeism work 928,828 (3.61%)
Health seeking 466,186 (1.81%)
Score 12,816 (0.04%)
Hospital 31,477 (0.12%)

Notes: ICU: intensive care unit.

Predictors of severe outcomes were recorded in 19,777,697 (76.88%) of episodes. Pre-

scriptions for antibiotics, antivirals, or steroids were the most commonly recorded pre-

dictor, documented in 62.16% of episodes. Among these, amoxicillin was the most

frequently prescribed antibiotic, recorded in 34.88% of episodes. Oseltamivir, the most

commonly recorded antiviral, was documented in 0.12% of all ARI episodes and 4.14%

of ILI episodes. Clinical signs were the next most common, recorded in 35.11% of

episodes- details are presented in the next section. Investigations were recorded in 7.04%

of episodes. Symptoms were documented in 3.81% of episodes, with dyspnoea being the

most frequently recorded symptom (1.86%). Work absenteeism, indicated by Med 3 fit

note recording, was noted in 3.61% of all episodes and in 7.02% of episodes occurring in

15 to 64 year olds. Health-seeking behaviours, including NHS 111 contacts or ambulance

encounters, were recorded in 1.81% of episodes. Clinical scores were recorded in just

0.04%, and emergency hospital referrals in 0.12% of episodes.
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4.4.3 Completeness

Here I present the completeness analysis for severity markers where recording rates are

valid measures of completeness, numeric clinical signs and scores (Table 4.3).

All ARI episodes

Clinical signs were far more commonly recorded than clinical scores (35.11% vs. 0.04%).

Temperature was the most commonly recorded sign, with 21.51% of all ARI episodes

having a record (Figure 4.2). This was followed by pulse rate (18.38%), oxygen saturation

(16.40%), blood pressure (14.24%) and respiratory rate (7.44%). Both Glasgow Coma

Scale (GCS) and NEWS2 were very rarely recorded (0.04% and 0.02%).
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Figure 4.2: Completeness of recording of clinical signs and clinical scores by all ARI and ARI
subtype. ARI: Acute respiratory infection; URTI: Upper respiratory tract infection;LRTI: lower

respiratory tract infection; ILI: Influenza-like illness, ECLD: Exacerbation of chronic lung
disease; Sus COVID: suspected COVID-19; ARI NOS: ARI not otherwise specified; O2 Sats:
Peripheral oxygen saturation; GCS: Glasgow Coma Scale; NEWS2: National Early Warning

Score 2.

By ARI subtype

The completeness of severity marker recording varied substantially by ARI subtype (Fig-

ure 4.2). All clinical signs were more commonly recorded in episodes of ECLD than

in any other ARI subtype. This was particularly notable for oxygen saturation, which

was recorded in 35.54% of ECLD episodes compared to 24.38% of LRTI episodes, the

next most common. Pulse rate was similarly more frequently recorded in ECLD episodes

(30.46%) compared to LRTI (24.49%). Completeness of recording of clinical scores was

consistently low across all subtypes of ARI.
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By age band

There was also variability in the completeness of clinical sign recording by age band

(Appendix A3.1). Temperature was more frequently recorded in children under 15 years

compared to older age groups, ranging from 24.60% to 26.21% in younger age bands

versus 19.30% to 20.42% in older ones. In contrast, pulse rate, oxygen saturation, and

blood pressure were more commonly recorded with increasing age. For example, pulse

rate was recorded in 13.73% of children under 1 year, compared to 25.13% of those aged

65 years and older. Oxygen saturation was recorded in 5.10% of children under 1 year

and 25.07% of the oldest age group, while blood pressure was recorded in only 0.04% of

infants but in 29.91% of those aged 65 and above. Respiratory rate showed a different

pattern, being most commonly recorded in children under 1 year (11.01%), followed by

those aged 1 to 4 years (9.69%) and adults aged 65 years and over (9.10%). Clinical

scores were slightly more commonly recorded in older adults, but in less than 0.1% of all

episodes regardless of age.

Adjusted analysis

Compared to URTIs, complete recording was more likely in episodes of ECLD, LRTI,

and ILI, with adjusted ORs of 1.62 (95% CI: 1.61-1.64), 1.46 (95% CI: 1.46-1.47), and

1.07 (95% CI: 1.06-1.08), respectively (Figure 4.3). In contrast, ARI NOS and suspected

COVID were associated with a lower likelihood of complete recording, with ORs of 0.96

(95% CI: 0.95-0.97) and 0.43 (95% CI: 0.42-0.43), respectively. Older age was generally

associated with increased odds of complete recording.
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Figure 4.3: Adjusted odds ratios (aORs) and 95% confidence intervals (CIs) from a multivariable
logistic regression model assessing the association between completeness of clinical sign

recording and acute respiratory infection (ARI) subtype, age band, sex, ethnicity, and clinical risk
group status. The dependent variable was the recording of any of the following signs:

temperature, pulse rate, respiratory rate, oxygen saturation, or blood pressure. Reference
categories: URTI (ARI subtype), age 15–64 years (age band), female (sex), Asian (ethnicity), and

not in a clinical risk group (risk group status).

Among acute respiratory infection (ARI) subtypes, individuals with ECLD had the highest

odds of having complete recording of clinical signs (aOR 1.63, 95% CI 1.62–1.65), while

those with suspected COVID had the lowest (aOR 0.43, 95% CI 0.42–0.43), compared
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with those with URTI (Figure 2). In the age group comparisons, people aged over 65 years

had the highest odds (aOR 1.24, 95% CI 1.13–1.34), whereas those aged 5 to 14 years had

the lowest (aOR 0.82, 95% CI 0.82–0.83), relative to adults aged 15–64 years.

Among those with recorded ethnicity, individuals of Other ethnicity had the highest odds

of complete recording (aOR 1.10, 95% CI 1.09–1.12), while those of Black ethnicity had

the lowest (aOR 0.94, 95% CI 0.93–0.95), compared to those of Asian ethnicity. People

with missing ethnicity also had reduced odds (aOR 0.79, 95% CI 0.79–0.80). Males had

slightly lower odds of complete recording than females (aOR 0.97, 95% CI 0.97–0.97).

Individuals in a risk group had higher odds of complete recording than those not in a risk

group (aOR 1.18, 95% CI 1.18–1.19).

All model variance inflation factors were less than 1.5 suggesting no significant issues with

multicollinearity. Model calibration was formally assessed using the Hosmer–Lemeshow

test, which indicated a statistically significant lack of fit (𝜒2 = 2753.2, df = 8, p <

0.0001), as expected in large datasets. However, the decile-based calibration plot showed

close agreement between observed and predicted probabilities, suggesting no meaningful

miscalibration (Appendix A3.2).

4.4.4 Temporal dynamics

This section explores recording rates over time to assess the temporal dynamics of severity

marker recording. The analysis first focuses on severe outcomes, followed by predictors

of severe outcomes. For each group, a representative time series is presented as an

illustrative example. For instance, the time series for fever is shown under the symptoms

group. These examples are not necessarily reflective of all markers within their respective

groups. Recording rates by study for all severity markers within each severity marker

group can be seen in Appendix A3.1. Time series plots for a greater range of severity

markers than are displayed in the main results can be found in Appendix A3.4.
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Severe outcomes

The median weekly recording rates of all severe outcome groups are reported in Table 4.8.

A narrative summary of trends over time and between periods and time series figures is

provided here for hospitalisation and death-related outcomes.

Table 4.8: Median weekly recording rates by study period for severe outcome groups

Group All Period 1 Period 2 Period 3 Period 4

Any
8.52%

(6.57–10.03)

5.68%

(4.74–6.69)

8.83%

(8.31–9.90)

10.73%

(9.64–12.30)

10.26%

(9.63–11.46)

Hospital
8.10%

(6.09–9.58)

5.27%

(4.29–6.25)

8.39%

(7.85–9.45)

10.08%

(9.10–11.42)

9.79%

(9.10–10.84)

Died
0.60%

(0.52–0.69)

0.52%

(0.46–0.59)

0.63%

(0.58–0.71)

0.79%

(0.64–1.45)

0.64%

(0.56–0.84)

Complication
0.21%

(0.04–0.33)

0.03%

(0.02–0.04)

0.24%

(0.09–0.34)

0.34%

(0.27–0.39)

0.35%

(0.32–0.38)

ICU
0.01%

(0.00–0.01)

0.00%

(0.00–0.01)

0.01%

(0.00–0.01)

0.02%

(0.01–0.03)

0.01%

(0.01–0.02)

Note: ICU: Intensive Care Unit. Period 1: Early pre-pandemic, Period 2: Late pre-pandemic,

Period 3: COVID-19 Pandemic, Period 4: Post-pandemic.

Hospital: The overall median weekly recording rate for hospital outcomes (attendance

and admission) was 8.10% (IQR: 6.09–9.58). Within this group, attendance had the

highest median weekly rate (7.13%, IQR: 5.37–8.53), followed by hospital admission

(1.71%, IQR: 1.13–2.02) and any death (0.60%, IQR: 0.52–0.69). The recording rate of

any hospital event (attendance or admission) saw a 1.59-fold increase from Period 1 to

Period 2. Time series visualisations show this to be a steady, largely linear increase in

both attendance and admission, although there was a small stepwise rise in admissions

around 2014 (Figure 4.4).

A further 1.20-fold increase in recording rates occurred between Period 2 and Period 3

(COVID-19 pandemic), with two clear peaks in admissions corresponding to the first and
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second SARS-CoV-2 waves in the UK, one in the first half of 2020 and another at the end

of 2020 and beginning of 2021. To a lesser extent these peaks are also visible in attendance.

Figure 4.4: Time series of weekly hospital admission recording rates within 56 days of an ARI
episode across the study period. Period 1: Early pre-pandemic; Period 2: Late pre-pandemic;
Period 3: COVID-19 pandemic; Period 4: Post-pandemic. ISO: International Organization for

Standardization.

Death: The overall median weekly recording rate for death within 56 days was 0.60%

(IQR: 0.52–0.69). Between Period 1 and Period 2, the rate increased modestly by 1.20-fold,

driven primarily by a subtle but steady upward trend observed across both periods. Addi-

tionally, there was a 1.25-fold increase from Period 2 to Period 3 (COVID-19 pandemic)

(Figure 4.5). Despite this modest increase, two large spikes in deaths were observed during

the first and second COVID-19 waves, with a maximum weekly rate of 5.44% occurring

during the first wave, compared to maximum rate of 1.11% outside the pandemic period.

In Period 4, recording rates returned to pre-pandemic levels.
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Figure 4.5: Time series of weekly death recording rates within 56 days of an ARI episode across
the study period. Period 1: Early pre-pandemic; Period 2: Late pre-pandemic; Period 3:

COVID-19 pandemic; Period 4: Post-pandemic. ISO: International Organization for
Standardization.

Table 4.9: Median weekly recording rates by study period for predictors of severe outcomes

Group All Period 1 Period 2 Period 3 Period 4

Symptom
4.05

(2.49–5.25)

2.30

(2.06–2.53)

4.31

(3.64–4.85)

7.08

(5.02–8.37)

5.70

(5.21–6.15)

Health

seeking

1.15

(0.09–4.63)

0.11

(0.06–0.10)

1.41

(0.78–1.98)

6.18

(4.92–7.44)

4.88

(4.69–5.08)

Absenteeism
3.55

(2.61–4.32)

2.43

(1.94–2.73)

3.91

(3.36–4.15)

5.13

(4.01–5.78)

4.41

(3.88–4.73)

Sign
31.90

(18.75–51.72)

19.00

(16.13–20.96)

47.30

(38.13–56.16)

29.16

(20.53–32.57)

55.53

(51.94–59.84)

Score
0.01

(0.00–0.05)

0.00

(0.00–0.00)

0.01

(0.01–0.02)

0.08

(0.04–0.12)

0.27

(0.24–0.30)

Investigation
7.34

(6.35–8.38)

6.25

(5.78–6.86)

8.03

(7.38–8.73)

7.57

(6.30–8.67)

8.28

(7.67–9.10)

Prescription
62.76

(59.84–64.78)

63.61

(62.30–65.32)

61.59

(59.56–63.66)

56.87

(54.16–60.21)

65.92

(64.72–67.28)

Hospital
0.13

(0.09–0.17)

0.08

(0.06–0.09)

0.14

(0.12–0.17)

0.18

(0.14–0.22)

0.17

(0.16–0.19)

Note: Values are median weekly recording rates with 95% confidence intervals. Subgroup

names reflect primary care data across periods.
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Symptoms: The overall median weekly recording rate for symptoms (any symptom) was

4.05% (IQR: 2.49–5.25). Within this group, dyspnoea (1.62%, IQR: 1.28–2.72) had

the highest median weekly rate, followed by fever (1.45%, IQR: 0.68–1.94) and malaise

(0.86%, IQR: 0.51–1.07). There was a 1.90-fold increase in the recording of any symptoms

comparing Period 1 to Period 2. Time series figures for fever show this change occurring

gradually from around 2013. A further 1.39-fold increase was observed from Period 2 to

Period 3 (COVID-19 pandemic). Spikes in malaise recording are visible during both the

first and second COVID-19 waves, while for fever the spike was more substantial during

the first wave (Figure 4.6). Additionally, a noticeable spike in fever and malaise recording

is seen in July 2009, coinciding with the first wave of the H1N1 swine flu pandemic.

Figure 4.6: Time series of weekly fever (symptom) recording rates within 14 days of an ARI
episode across the study period. Period 1: Early pre-pandemic; Period 2: Late pre-pandemic;
Period 3: COVID-19 pandemic; Period 4: Post-pandemic. ISO: International Organization for

Standardization.

Absenteeism: Work absence was the only severity marker within this group, with a me-

dian weekly recording rate of 3.55% (IQR: 2.61–4.32). There was a 1.60-fold increase

in rates between Period 1 and Period 2. The time series figure shows an upward trend

between 2013 and 2015, and a more subtle increase between 2015 and 2019 (Figure 4.7).

Additionally, there was a 1.3-fold increase between Periods 2 and 3, and 2 spikes during

Period 3 consistent with COVID-19 waves. Absenteeism was highly seasonal with peaks

occurring in early January each year. There also appears to be a sharp decline just prior to
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the spikes, likely related to Christmas holidays. Recording rates in Period 4 (4.30, IQR:

3.88-5.78) are slightly above pre-pandemic levels (3.72, IQR: 3.36-4.15).

Figure 4.7: Time series of weekly work absenteeism recording rates within 14 days of an ARI
episode across the study period. Period 1: Early pre-pandemic; Period 2: Late pre-pandemic;
Period 3: COVID-19 pandemic; Period 4: Post-pandemic. ISO: International Organization for

Standardization.

Signs: The median weekly recording rate for any sign was 31.95% (IQR: 18.76–51.81).

Temperature (18.72%, IQR: 6.02–37.91), pulse rate (14.00%, IQR: 5.21–32.34), and

blood pressure (13.61%, IQR: 11.56–17.06) had the highest recording rates. There was

a substantial increase in overall recording between Period 1 and Period 2 (fold-change

2.77). Time series plots for oxygen saturation show a substantial, initially non-linear but

monotonic increase across this period, with a fold-change of 13.33.

A dramatic and sharp decline in the recording of signs (fold-change 0.538) occurred at

the onset of the COVID-19 pandemic (Period 3). This was followed by a return to pre-

pandemic recording rates over Periods 3 and 4. The median weekly recording rate for any

sign in the post-pandemic period (Period 4: 55.45%, IQR: 52.03–59.91) was higher than

in the pre-pandemic period (Period 2: 48.58%, IQR: 38.24–56.23). Seasonal patterns

were also evident, with narrow peaks in recording of oxygen saturation occurring in early

January (Figure 4.8).
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Figure 4.8: Time series of weekly oxygen saturation recording rates within 14 days of an ARI
episode across the study period. Period 1: Early pre-pandemic; Period 2: Late pre-pandemic;
Period 3: COVID-19 pandemic; Period 4: Post-pandemic. ISO: International Organization for

Standardization.

Prescriptions: The median weekly recording rate for any prescriptions was by far the

highest among all severity marker groups (62.76%, IQR 59.84–64.78). Amoxicillin

had the highest median weekly recording rate (34.35%, IQR: 31.86–37.08), followed

by penicillin V (11.50%, IQR: 9.27–13.31) and macrolides (9.17%, IQR: 7.90–10.17).

While overall prescription recording was relatively stable, notable trends and patterns were

evident for individual medications.

Amoxicillin prescribing declined slightly and gradually from around 2014 until just before

the pandemic (fold-change 0.91) (Figure 4.9- top panel). More substantial declines were

observed for other antibiotics, for example, cephalosporins saw a 0.29-fold change from

Period 1 to Period 2 (Figure 4.9- middle panel). Antibiotic prescribing further declined

during the COVID-19 pandemic, with amoxicillin showing a fold-change of 0.77 between

Periods 2 and 3. A noticeable dip in prescribing of amoxicillin, and to a lesser extent,

cephalosporins, was also seen during the H1N1 swine flu pandemic in July 2009.

The most commonly recorded antiviral prescription was oseltamivir, with an overall me-

dian weekly rate of 0.01% (IQR: 0.00–0.02). Although this rate is low compared to

antibiotics, oseltamivir prescribing showed substantial spikes, most notably during the

H1N1 pandemic, reaching 1.92% in July 2009 (Figure 4.9- bottom panel). Smaller sea-
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sonal spikes were also observed during certain winters, such as in 2011 and 2018.

Figure 4.9: Time series of Amoxicillin (top panel), Cephalosporin (middle panel), oseltamivir
(bottom panel) recording rates within 14 days of an ARI episode across the study period. Period
1: Early pre-pandemic; Period 2: Late pre-pandemic; Period 3: COVID-19 pandemic; Period 4:

Post-pandemic. ISO: International Organization for Standardization..

4.5 DISCUSSION

4.5.1 Summary of main findings

To assess the quality of severity marker data, I conducted a comprehensive evaluation of

the completeness and temporal dynamics of severity marker recording across 25.7 million
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episodes of ARI in 8.7 million individuals. I found that completeness varies substantially,

not only by the specific severity marker but also by ARI subtype, age group, and risk

status. While completeness cannot always be directly measured from recording rates,

contextual information can help infer whether certain markers are structurally complete

or incomplete. Recording rates vary over time, influenced by long-term secular trends,

as well as abrupt and seasonal changes. In addition, pandemics have been shown to

significantly affect the temporal dynamics of severity marker recording.

4.5.2 Completeness

This work highlights that recording of severity markers is incomplete, which is consistent

with other studies of primary care data showing incomplete recording of characteristics

of acute infections [109, 110]. In my study, the median weekly recording rate for fever

was 1.6% in Period 4, which is almost certainly a significant underestimation of the true

number of patients reporting fever. This is because fever is very commonly experienced

in individuals with an ARI, especially in children.

The overall completeness of recording of any sign was 35.1%. However, completeness

varied substantially by ARI subtype and age, indicating that clinicians may selectively

record clinical signs in those at higher risk of adverse outcomes or those presenting with

more severe disease. This phenomenon has been demonstrated in other studies [111].

An exception to this pattern was suspected COVID-19, which had the lowest expected

recording rates of all ARI subtypes compared to URTI (OR 0.43, 95% CI: 0.42–0.43).

This likely reflects reduced opportunities to measure clinical signs due to the decline in

face-to-face consultations during the COVID-19 pandemic [112].

Differences by sex and ethnicity were small in magnitude, though statistically significant

due to the large sample size. For example, the odds ratios for male sex and most ethnic

groups (except missing ethnicity) were close to unity, suggesting limited practical impact

on completeness. Although, these effect sizes are small it is important to be aware that

variability in recording by demographics, including those not considered in this analysis,
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could result in biased and inequitable severity indicators. For example, severity indicators

in certain populations that are less sensitive to true changes in severity and therefore less

effective.

Clinical scores were exceedingly rarely recorded (scores 0.01% of episodes overall and

<0.3% of episodes in Period 4). The same applies for antiviral prescriptions (excluding

oseltamivir), which in most instances were recorded in <0.01% of episodes. This very

likely would limit the value of these individual severity markers for severity indicator

development.

A more complete discussion on temporal dynamics is provided below, but first and foremost

the completeness of data recording appears to have increased substantially over time. For

example, in period 1 of the study, signs were recorded in only 19% of ARI episodes

whereas by period 4 this figure reached 56%. These positive trends are universal across

the severity marker groups, with the exception of prescriptions. This implies that data

quality (with respect to completeness) has substantially improved across the study period.

It also implies that the structural mechanisms that drive complete prescription recording

have been embedded in the systems for some time. These improvements in data quality

strengthen the justification for undertaking the work in this DPhil.

4.5.3 Temporal dynamics

This analysis has highlighted several patterns in recording rates over time, including long-

term secular trends as seen in hospital admission and cephalosporin prescribing (Figure 4.8

and 4.9), sudden changes such as those following the onset of the COVID-19 pandemic,

seen in most indicators, and seasonal variation as observed in work absenteeism and

amoxicillin prescribing (Figures 4.7 and 4.9). The factors influencing these changes are

likely heterogeneous, involving both severity and non-severity drivers of change. This

study has not attempted to definitively establish the cause of changes over time, but it is

possible to suggest external factors that may have contributed.
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Severity-driven variation in recording rates

The pandemic led to clear spikes in the recording of hospitalisation and deaths (Figure 4.4

and 4.5), consistent with the timing of the first and second COVID-19 waves in England

[113]. Recorded deaths peaked in April 2020 and again in January 2021. This is reassuring

as it provides a quick validity check for these data, suggesting they are identifying known

changes in disease severity. Other severe outcomes including ICU admission and sepsis

also showed peaks in recording rates during the first and second waves of the pandemic.

However, these time series were very noisy making identification of more subtle trends

challenging.

The COVID-19 waves serve as useful reference points for evaluating severity markers.

However, identifying appropriate reference points for severity outside the context of the

pandemic is more challenging. Furthermore, due to non-pharmacological interventions,

the circulation of other respiratory pathogens declined substantially during the pandemic.

As a result, recorded rates of death, hospitalisation, and other markers during this pe-

riod would largely reflect the severity of suspected COVID-19 episodes, rather than all

ARI. This complicates direct comparisons of recording rates between pandemic and non-

pandemic periods. While true changes in severity could influence recording rates, it is

essential to consider factors unrelated to the occurrence of the event under observation.

Other drivers in variation of recording rates

Long-term trends: Long-term trends may result from gradual shifts in recording rates

as a consequence of slowly evolving coding behaviours, clinical guidelines or IT systems

[99, 114]. For example, the reduction in recorded cephalosporin prescriptions likely

reflects a true decrease in prescribing behaviour, driven by efforts to promote antimicrobial

stewardship and the association between cephalosporins and Clostridium difficile infection

[115, 116] (Figure 4.9). Additionally, the increase in sepsis recording around 2015 to 2016

coincides with a high-profile national campaign highlighting the time-critical need for

prompt sepsis treatment, as well as the publication of NICE guidelines on the recognition

and management of sepsis [117, 118].
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Abrupt changes: Sudden and unexpected events, most notably the onset of the COVID-19

pandemic, also had a considerable effect on recording rates. For example, recording rates

for clinical signs saw a sharp decline following the start of the pandemic (0.54-fold change

from Period 2 to Period 3). This was likely a consequence of the reduction in face-to-face

consultations, driven by rapidly evolving national guidance during the pandemic [112].

Without patients physically present, clinicians had limited ability to measure and record

clinical signs.

There was also a significant reduction in recording of antibiotic prescriptions such as

amoxicillin at the onset of the pandemic. However, this decline is less likely to be

explained by reduced face-to-face contact, as prescriptions can still be issued during

telephone consultations. A more likely explanation is the high probability that individuals

presenting with ARI symptoms during the pandemic had COVID-19, for which antibiotics

were not indicated. Some studies have shown that antibiotic prescribing for URTI increased

during the onset of the pandemic [119]. I did not evaluate changes in recording rates over

time by ARI subtype to allow direct comparison of these findings.

In contrast recording of symptoms which increased after the onset of the pandemic, this

again may reflect the fact that clinicians relied more on the patient’s history than on

physical examination to determine the severity individuals during remote consultations.

Seasonality: Several severity markers exhibited seasonal patterns. For example, work

absenteeism typically showed sharp dips during the Christmas holidays, followed by

notable spikes in early January. These fluctuations may limit the reliability of such

markers for detecting changes in illness severity during holiday periods. Amoxicillin

prescribing also demonstrated clear seasonality, peaking in the winter months, consistent

with findings from other studies [120, 121].
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4.5.4 Implications for DPhil

The next chapter of my DPhil will aim to explore whether the predictors of severe outcomes

could be used to develop timely severity indicators for surveillance. This will involve

construction of statistical models to assess the relationship between the predictors and

the severe outcomes. Work in this chapter has helped determine aspects of the modeling

framework to be used in the next stage. Here, I list the implications of the findings for the

remaining parts of the DPhil.

Models will be stratified by ARI subtype and age. This will help to ensure severity

markers are most suited to the relevant age bands and ARI subtypes. Also, there is a trade

off here as it will reduce the sample size in any given subgroup, the number of episodes in

the analysis will still be large. Separate models by risk group status, sex and ethnic group

will not be performed as differences were small.

Predictors of severity that are very rarely recorded will no longer be considered. Specif-

ically, antiviral and clinical score recording will be removed from subsequent analysis as

recording rates were consistently less than 0.5% which limit the value of these markers.

I will consider the pandemic and non-pandemic periods separately. The striking changes

in almost all severity marker recording rates that occurred during the pandemic highlight

the huge disruption that occurred to the health system. Separation of study periods into the

pandemic and non-pandemic period given these striking differences is logical. A number

of non-random differences between these periods are likely to have affected recording of

both severe outcomes and predictors.

Firstly, during the pandemic, SARS-CoV-2 was likely to have been the dominant circulating

pathogen regardless of the presenting ARI subtype. Therefore during the pandemic severe

outcomes and predictors are more a reflection of SARS-CoV-2 infection severity. Outside

this time, circulating pathogens are more heterogeneous and include influenza, RSV and

other seasonal viruses. Also, as discussed previously, healthcare delivery was massively

disrupted, many more remote primary care consultations were taking place previously
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which likely affected the documentation of in particular clinical signs and scores.

I will use a composite outcome. The temporal signal in rare outcomes is noisy, which

makes detection of changes in severity challenging. Without a clear signal in the outcome,

statistical models are not likely to perform well as the relationship will be masked by

random variation. This would reduce the chances of detecting meaningful indicators

for surveillance. Additionally, from a public health perspective a composite outcome

including hospital attendance and admission is likely to more accurately reflect pressures

in the health system compared to deaths alone. Separate indicators would perhaps be ideal,

but to limit the complexity of the next stages of the DPhil a single composite outcome will

be used.

I will focus on more recent data. The long term trends in recording identified could

introduce temporal bias into any analysis where the apparent risk of an outcome increases

over time due to factors unrelated to a true rise in that outcome. Ideally, I would only use

post-pandemic data to construct models as these are most relevant to surveillance today.

However this significantly limits the data available for the analysis. As a compromise, I

will exclude data from Period 1 from the subsequent analysis.

4.5.5 Broader relevance

There are several important implications of this work outside the context of this DPhil.

Firstly, we have seen the huge impact a pandemic can have on data quality in a primary care

CMR. Therefore, a pandemic could result in reduced reliability of a surveillance system

at a time when public health authorities are most reliant on them. It is essential that we

build resilience into our CMR-based surveillance systems such that they are robust during

an emerging threat, such as a future pandemic [122, 123].

Secondly, primary care CMR data is widely used for various secondary research purposes.

However, this study has shown that the quality of such data can vary significantly over

time due to a range of external factors. These temporal changes may introduce unexpected
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biases and affect the interpretation of results, particularly in longitudinal studies conducted

over extended periods [94]. These are important considerations for future users of CMR

data [98, 100].

Furthermore, structurally complete data can be highly valuable for researchers. Knowing

that death, prescriptions, and work absenteeism are likely to be consistently and reliably

recorded provides confidence that these variables serve as reasonable proxies for the true

underlying events. As a result, they can be used in studies with greater confidence than

other, less complete and more unstable measures. Moreover, these variables are important

in their own right, as mortality, antibiotic prescribing, and the workforce impact of disease

are all valuable areas of public health research. Nonetheless, assumptions of structural

completeness should be made cautiously, as consistency may vary by setting or over time.

Finally, several key policy documents, including the recent Sudlow Review commissioned

by Health Data Research UK, have highlighted the substantial potential of secondary use

of CMR data to improve health systems and deliver broader public and societal benefits

[67, 124]. Realising this important and ambitious goal will require sustained efforts to

improve data quality, driven by both policy interventions and technological innovation.

Improvements in data quality should also be as equitable across demographic groups as

possible to reduce the risk of introducing bias into models developed directly from CMR

data.

4.5.6 Limitations

One of the principal limitations of this study is the lack of a definitive link between ARI

episodes and recorded severity markers. Cause of death is not typically available in the

CMR data, which means that while a recorded death date confirms that a person has

died, it does not establish whether the death was directly related to an ARI. A reasonable

assumption is that the closer the event (death or other severity marker) occurs to the onset

of the ARI episode the more likely it is related to the ARI episode. As a result, there is

a trade-off between specificity and sensitivity when choosing severity marker timeframes.
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For example, mortality occurring shortly after the onset of infection is more specific to

recent illness but may miss delayed ARI-related deaths, whereas later mortality captures

a greater number of deaths but may include more that are unrelated to the ARI episode.

Another limitation is the lack of access to free-text data, which is commonly used to record

information in primary care [109, 111]. Currently, access to such data in the NHS is highly

regulated due to governance, privacy and ethical concerns. Additionally, analysing this

unstructured data requires significant technical expertise. In the future, large language

models could play a valuable role in processing this data for surveillance purposes.

I have made inferences about potential drivers of changes in recording rates over time.

While these assumptions may appear reasonable, further work would be needed to test

them directly. For example, studies specifically assessing the impact of public health

campaigns could help validate these interpretations, although such work falls outside the

scope of this DPhil. While the exact causes of some temporal changes remain uncertain,

I can be confident that many of these shifts are driven by factors unrelated to underlying

disease severity. Knowing this is enough information to ensure I proceed with caution.

Finally, further work is needed to validate these indicators, including comparison against

established reference standards. For example, ARI-related deaths recorded in primary

care could be compared with linked, ONS death data, which includes the certified cause of

death. Similarly, ARI-associated hospitalisations could be assessed using the HES dataset.

Both ONS and HES data could, in principle, be linked to primary care records using the

NHS number, although access to such linkages is currently highly restricted [90, 125].

4.5.7 Summary

This chapter builds on previous work by evaluating the quality of the severity markers

identified in Chapter 3. First, the completeness of clinical signs varied according to

perceived severity and severity risk, suggesting that sign-based markers may overestimate

true severity because they are more frequently recorded in episodes clinicians judge to be
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higher risk. Second, changes in recording rates over time appear partly driven by genuine

shifts in severity, as shown by the rise in recorded severe outcomes during the pandemic

period. This is reassuring, however recording is also shaped by external factors unrelated to

severity—including changes in clinician behaviour, health policy, and seasonal pressures,

which can obscure interpretation of temporal trends.

Most critically, the findings show that data quality deteriorated sharply during the pan-

demic, reducing the effectiveness of surveillance when robust, timely information is most

needed. Despite these challenges, completeness has improved substantially over the 16-

year period. This chapter also highlights key considerations for model development,

including the value of composite outcomes, focusing on more recent years, and account-

ing for ARI subtype and age. Together, these insights inform the next stage of this DPhil,

where I now go on to measure the association between predictors and severe outcomes in

the following chapter.
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Evaluating candidate severity indicators for use

in prospective ARI surveillance

5.1 INTRODUCTION

Previous work for this DPhil involved defining and assessing the data quality of a number

of severity markers for ARIs. In this chapter, I build an algorithm to further evaluate the

suitability of these severity markers for use in prospective respiratory surveillance of ARIs.

The algorithm takes into account lessons from the previous chapter, including separation

of the analysis into a non-pandemic and pandemic period, running the analysis stratified

by age band, ARI subtype and study period (non-pandemic versus pandemic) and use of

a composite outcome. The analysis for each stratum will be in two parts:

1. Individual-level analysis

2. Weekly aggregate analysis

5.1.1 Rationale for methods used

Because predictors are recorded at or around the time of the ARI consultation, they are

available in the CMR sooner than severe outcomes. If they can be shown to be reliably

associated with subsequent severe outcomes, then timely severity indicators could be

developed using those predictors most strongly linked to severe outcomes.

From a surveillance perspective, an aggregate analysis is essential because it best reflects

the intended use case. In this context, ‘aggregate’ refers to grouping data by week to
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calculate the proportion of severe cases over time (Table 1.4). The intention in monitoring

these trends over time is to identify increases in severity that may indicate a potential public

health threat thereby supporting public health decision making. The overall purpose of

the aggregate level analysis is to establish whether temporal changes in the predictor are

similar to temporal trends in the outcome. For example, do trends in proportion of ARI

episodes with abnormal clinical signs follow trends in the proportion of ARI episodes with

the composite outcome recorded?

An aggregate analysis is essential although not sufficient for evaluation of candidate

severity markers. This is because of the risk of the ecological fallacy, where an aggregate

level analysis identifies spurious relationships in the data that do not exist at the individual

level [126]. This typically occurs as a consequence of confounding. For example, more

people wear a coat in winter and more people die, but death is not associated with wearing

a coat. For this reason, I also undertake an individual-level analysis to further support

the case for a plausible association between the severity marker and the outcome. Whilst

such an approach cannot totally eliminate the possibility of spurious relationships being

identified, it provides a more robust methodological framework for identifying potential

severity indicators and reduces the risk of the ecological fallacy.

Finally, I will use the results of the individual and aggregate analyses to rank the severity

indicators within each stratum in both non-pandemic and pandemic periods, aiming to

identify aggregate-level associations that are also clinically and epidemiologically plausi-

ble. The top ranked candidate severity markers can then be included in a future prospective

pilot. The best approach for further prospective evaluation and subsequent implementa-

tion within a real world surveillance system is a principal subject of discussion in the final

chapter of this DPhil.
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5.2 CHAPTER AIMS AND OBJECTIVES

5.2.1 Aims

For both the non-pandemic and pandemic period, measure the relationship between sever-

ity markers and the composite outcome of complications, hospitalisation or death by 56

days, across strata of ARI subtype and age band, at both the individual-level and weekly

aggregate-level.

5.2.2 Objectives

1. Individual-level analysis: Estimate the ORs and 95% CIs to quantify the association

between each severity marker and the outcome, for each combination of ARI subtype

and age band.

2. Weekly aggregate analysis:

a: Cross correlation. Estimate the correlation coefficient (CC) and 95% CIs to

quantify the association between weekly aggregate predictors of severity and

the weekly aggregate outcome for each combination of ARI subtype and age

band.

b: signal-to-noise ratio (SNR). Estimate the SNR of each aggregate predictor to

assess how much true aggregate-level variation is distinguishable from random

noise.

3. Indicator prioritisation: Based on a combination of the individual and weekly

aggregate analyses, rank severity markers for each combination of ARI subtype and

age band.
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5.3 METHODS

5.3.1 Study population

The data sources, study participants, and inclusion and exclusion criteria used in this

chapter are described in detail in Section 4.3. Participants with episodes of recorded ARI

of any subtype and age were included in the analysis.

This chapter excludes episodes of ARI that occurred in Study Period 1 (the early pre-

pandemic period Figure 4.1) to ensure that models are more relevant to the present day

context, as discussed in Section 4.5.4. Therefore, all episodes occurring between ISO

week 20 of 2014 and ISO week 39 of 2024 were included.

5.3.2 Analysis overview

The analysis pipeline used for this evaluation includes five individual steps and generates

four evaluation metrics (Figure 5.1).

Step 1 describes the definition of the outcome. Step 2 explains the definition of the

analysis strata. Step 3 describes how the severity markers are configured for the analysis.

Step 4a is the individual-level analysis, which produces the first metric (OR), whereas

Step 4b is the weekly aggregate analysis, which produces the second and third metric

(CC, SNR). Step 5 describes how severity markers are ranked based on a combination of

the ORs and CCs. Metric 4 is a geometric mean of the OR and CC. The remainder of the

methods details each of the steps and metrics highlighted in Figure 5.1.
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Figure 5.1: Overview of the analysis workflow. Blue boxes indicate steps: defining the outcome,
strata, and severity markers (Steps 1–3), conducting individual- and aggregate-level analyses
(Steps 4a–4b), and combining results (Step 5). Orange boxes indicate metrics: Odds ratios

(Metric 1), Correlation coefficient (Metric 2), Signal-to-noise ratios (Metric 3), and the final
geometric mean (Metric 4).

5.3.3 Step 1: Defining the outcome

The binary outcome for this analysis was a composite of hospital attendance or admission,

ICU admission, complication (sepsis or acute respiratory failure- derived from discharge

summaries), or death within 56 days of the index ARI episode. The rationale for this

is set out in Section 4.5.4. These outcomes are treated as ‘all-cause’ because, when

using the primary care CMR, it is not possible to definitively link an ARI episode to

a specific outcome. The primary care informatics review within the systematic review
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chapter attempted to increase the specificity of outcomes by focusing them around ARI.

For example, respiratory failure was included as a logical complication of ARI. However,

for deaths and hospitalisations, there are no data that can systematically confirm that the

event was ARI-related.

The temporal proximity of the outcome to the ARI index case affects the likelihood that the

case and outcome are linked. For example, if an index case of ARI and a hospitalisation

are recorded in the CMR on the same day, it is reasonable to assume they are associated.

The probability of a causal link decreases as the time between the ARI episode and the

outcome increases. In this analysis, a 56-day window was chosen to capture delayed

outcomes, as recommended by the WHO [127]. The trade-off is the potential inclusion of

outcomes unrelated to the index ARI episode.

Despite these limitations, all-cause mortality may be the preferred endpoint in studies

because it is unambiguous, captures the indirect and direct effects of an ARI, and allows

comparability across settings [128]. For example, in an elderly person with cardiovas-

cular risk factors, an ARI may precipitate a stroke, myocardial infarction, or pulmonary

embolism leading to hospitalisation or death [129, 130]. Such outcomes might not be

identified if only disease-specific mortality were used.

5.3.4 Step 2: Defining the strata

Due to significant disruption in the operation of health services and the impact that this

had on the quality of data during the SARS-CoV-2 pandemic, this period was assessed

separately. The pandemic analysis therefore included only ARI episodes occurring in

Period 3 of the study (Figure 4.1).

Non-pandemic analysis

During the non-pandemic period, the range of circulating viruses would have been hetero-

geneous and included all seasonal winter viruses including, for example, influenza, RSV

and rhinovirus. As the range of clinical syndromes caused by these viruses is broad it
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makes sense to analyse this period by individual ARI subtype. Therefore, for the non-

pandemic analysis, the following ARI subtypes were considered: URTI, ILI, and LRTI

combined with ECLD (LRTI-ECLD). LRTI and ECLD were combined to limit the total

number of strata and thereby reduce analytical complexity, while ARI NOS was excluded

as reporting severity for an ill-defined group of syndromes has limited practical value. To

further simplify reporting, the five original age bands were merged into three: <15 years

(combining <1 year, 1–4 years, and 5–14 years), 15–64 years, and ≥65 years. There were

therefore 9 strata in the non-pandemic analysis: three age bands by three ARI subtypes

(Table 5.1).

Table 5.1: Non-pandemic analysis strata (9 strata)

Stratum ARI subtype Age band

1 URTI <15 years

2 ILI <15 years

3 LRTI OR ECLD <15 years

4 URTI 15–64 years

5 ILI 15–64 years

6 LRTI OR ECLD 15–64 years

7 URTI ≥65 years

8 ILI ≥65 years

9 LRTI OR ECLD ≥65 years

Pandemic analysis

In contrast, during the pandemic period, all ARI subtypes were classified as suspected

COVID-19, whereas in early sections of the DPhil suspected-COVID-19 was considered

as a separate indicator (Figure 2.1) , since SARS-CoV-2 was the predominant circulating

virus in primary care, regardless of clinical presentation [17]. The overall ARI indicator

thus provides a proxy for a SARS-CoV-2-specific indicator. In addition, because severe

outcomes were rare in children, only two age groups were considered in this analysis: 15–

64 years and ≥65 years [131]. There were therefore 2 strata in the pandemic analysis:

suspected COVID-19 in 15–64 year olds and suspected COVID-19 in those ≥65 years

(Table 5.2).
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Table 5.2: Pandemic analysis strata (2 strata)

Stratum ARI subtype Age band

1 Suspected COVID-19 15–64 years

2 Suspected COVID-19 ≥65 years

5.3.5 Step 3: Defining severity markers

The final list of severity markers included in the analysis is presented in Table 5.3. These

markers represent the timely predictors of severe outcomes identified in the systematic

review, excluding scores, which were removed due to infrequent recording. As a reminder,

30 severity markers were identified in the systematic review and 36 code lists were

developed. From the 36 code lists, I created a total of 43 binary severity ‘flags’ (Table 3.7),

where a flag represents the presence or absence of a given severity marker recorded in the

CMR. More than a single severity marker per predictor occurs, as a number of cut offs are

used for numeric clinical signs and additionally I created a number of composite severity

markers (Table 5.3).
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Table 5.3: Severity markers by category and group

Severity marker Details

Symptoms: 6 markers

Shortness of breath
Haemoptysis
Fever
Malaise / Anorexia / Fatigue
Confusion
Any symptom Composite indicator (any symptom of the above

five)

Health seeking behaviour: 3 markers

Use of NHS direct (NHS 111)
Ambulance encounter
Hospital attendance advised

Absenteeism: 1 marker

Work absence

Clinical signs (NEWS2/PEWS Flags): 18 markers

Respiratory rate Level 1 Flag; Level 2 Flag; Level 3 Flag
Oxygen saturation Level 1 Flag; Level 2 Flag; Level 3 Flag
Systolic blood pressure Level 1 Flag; Level 2 Flag; Level 3 Flag
Pulse rate Level 1 Flag; Level 2 Flag; Level 3 Flag
Temperature Level 1 Flag; Level 2 Flag; Level 3 Flag
Work of breathing
Chest signs
Cyanosis

Composite sign flags

Any-sign (Flag 1) ’True’ if any sign met a Level 1 threshold
Any-sign (Flag 2) ’True’ if any sign met a Level 2 threshold
Any-sign (Flag 3) ’True’ if any sign met a Level 3 threshold
Subtotal (Composite signs): 3 markers

Investigations: 3 markers

White cell count Abnormal: > 12,000 or < 4,000 cells/mm3

C-reactive protein Recorded
Chest radiography Chest X-ray request recorded

Prescriptions: 9 markers
Continued on next page

129



Chapter 5

Table 5.3: Severity markers by category and group (continued)

Severity marker Details

Amoxicillin Antibiotic
Doxycycline Antibiotic
Macrolide Antibiotic
Co-amoxiclav Antibiotic
Penicillin Antibiotic
Cephalosporin Antibiotic
Any antibiotic Composite indicator (any of the above

antibiotics; excludes antivirals)
Oseltamivir Antiviral
Prednisolone Steroid

Overall total: 43 severity markers

Notes: SBP: systolic blood pressure; CRP: C-reactive protein. Level-specific sign flags

follow National Early Warning Score 2 (NEWS2) (adults) and Paediatric Early Warning

System (PEWS) (children); endpoints are inclusive. Work of breathing, chest signs, and

cyanosis are recorded as yes/no (no levels). Any symptom is ’true’ if any listed symptom is

recorded. Any antibiotic is ’true’ if any listed antibiotic prescription is recorded.

Included numeric severity markers were converted to binary flags using clinically informed

cut offs. For clinical signs, cut offs followed those used in NEWS2 for adults and PEWS

for children (Figure 5.2) [84, 132]. For ARI episodes in younger age groups, the PEWS

was used, which defines cut offs for 0 to 11 months, 1 to 4 years, and 5 to 12 years.

Accordingly, cut offs for children younger than 1 year used the PEWS 0 to 11 months

thresholds; those for 1 to 4 year olds used the PEWS 1 to 4 years thresholds; and those for

5 to 14 year olds used the PEWS 5 to 12 years thresholds. As only 3 age bands are used

in this analysis, flags were determined before the age bands were combined to ensure the

accurate cut offs were used.

For each sign, I created three level-specific flags corresponding to the scoring bands (levels

1, 2, and 3) in the NEWS2 and PEWS scoring charts. A flag was marked ‘true’ when the

recorded value fell within the range for that level, or when the criteria for a more severe

flag were met. Otherwise, it was marked ‘false’ (Figure 5.2).
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• Example (adult respiratory rate, NEWS2):

– Flag 3 ‘True’ (most severe) : ≤8 or ≥25 breaths per minute

– Flag 2 ‘True’: 21–24 breaths per minute (or when Flag 3 is ‘True’)

– Flag 1 ‘True’ (least severe): 9–11 breaths per minute (or when Flag 2 or Flag 3

are ‘True’)

Figure 5.2: NEWS2 physiological parameter scoring chart. Reproduced from the National Early
Warning Score (NEWS) 2 chart, Royal College of Physicians (2017).

In addition to flags for each individual sign, I also defined an ‘any-sign’ flag for each

severity level. This flag was set to ‘true’ if any one of the signs met the threshold for

that level or for any more severe level. For example, the level-2 ‘any-sign’ flag for adults

was true if any of the following were recorded: respiratory rate 21–24 breaths per minute,

oxygen saturation 92–93%, systolic blood pressure 91–100 mmHg, pulse 111–130 per

minute, pulse 111–130 per minute, or temperature ≥39.1◦C, or if a level-3 criterion was

met for any sign. Tables 5.4 and 5.5 provide a detailed reference for individual and any-sign

flag criteria.
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Table 5.4: Severity marker cut offs (by age band)

Age band(s) Flag 1 Flag 2 Flag 3

Systolic blood pressure (mmHg)

<1 yr < 70 or > 90 < 60 or > 100 < 50 or > 110
1–4 yrs < 80 or > 100 < 60 or > 120 < 50 or > 130
5–14 yrs < 90 or > 110 < 80 or > 120 < 70 or > 130
≥15 yrs < 111 < 101 < 91 or > 219

Pulse rate (beats/min)

<1 yr < 110 or > 150 < 90 or > 170 < 80 or > 180
1–4 yrs < 90 or > 140 < 70 or > 150 < 60 or > 170
5–14 yrs < 80 or > 120 < 70 or > 140 < 60 or > 160
15–64 yrs < 51 or > 90 > 110 < 41
65+ yrs < 51 or > 90 > 110 < 41 or > 130

Respiratory rate (breaths/min)

<1 yr < 30 or > 40 < 20 or > 60 < 10 or > 70
1–4 yrs — < 20 or > 50 < 10 or > 60
5–14 yrs < 20 or > 25 < 15 or > 40 < 10 or > 50
≥15 yrs < 12 > 20 < 9 or > 24

O2 saturation (%)

<15 yrs < 95 — < 92
≥15 yrs < 96 < 94 < 92

Temperature (°C)

<15 yrs < 36.0 or > 38.0 — —
≥15 yrs < 36.1 or > 38.0 > 39.0 < 35.1

White cell count (109/L)

All ages < 4.0 or > 12 > 30 —

C-reactive protein (mg/L)

All ages > 20 > 100 —

Notes: cut offs used to convert numeric quantities into binary variables. Flag 1

represents the least severe level: scoring 1 in the NEWS2 or PEWS scoring system.

Flag 3 represents the most severe scoring 3.
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Table 5.5: Definition of composite severity flags

Composite Flag Constituent flags

Any-sign (Flag 1) RR Flag 1 OR O2 sats Flag 1 OR SBP Flag 1 OR PR Flag 1 OR Temp

Flag 1.

Any-sign (Flag 2) RR Flag 2 OR O2 sats Flag 2 OR SBP Flag 2 OR PR Flag 2 OR Temp

Flag 2.

Any-sign (Flag 3) RR Flag 3 OR O2 sats Flag 3 OR SBP Flag 3 OR PR Flag 3 OR Temp

Flag 3.

Any antibiotic Amoxicillin OR Doxycycline OR Macrolide OR Co-amoxiclav OR

Penicillin OR Cephalosporin.

Any symptom Dyspnoea OR Fever OR Haemoptysis OR Malaise OR Confusion.

Notes: Definition of composite severity markers used. Where a given Flag is not used

in a certain age group this is ignored. For example, there is no Oxygen saturation

Flag 2 for <15 year olds, therefore this is ignored. SBP: systolic blood pressure; PR:

pulse rate; RR: respiratory rate; O2 sats: peripheral oxygen saturation; Temp:

temperature; WBC: white blood cell count (109/L); CRP: C-reactive protein (mg/L).

A single cut off for white blood cell counts was used and based on the Systemic Inflam-

matory Response Syndrome (SIRS) sepsis definition (Table 5.3) [133]. For C-reactive

protein (CRP), a cut off of 20 mg/L is used which aligns with the National Institute for

Health and Care Excellence (NICE) clinical guidelines for management of suspected ARIs

[134].

5.3.6 Step 4a: Individual-level analysis

The individual-level data included a row per episode of ARI. Columns included: ARI

subtype, age band, the episode start date and the ISO year and week of the episode. A

column indicating whether an episode occurred in the non-pandemic or pandemic period

was also included. The outcome column was included as a binary flag indicating whether

the outcome occurred. A column for each severity marker flag was also included as
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outlined above.

The pandemic and non-pandemic periods were considered separately and thus the data

was partitioned into two. To estimate the association between binary severity markers

and outcomes within each strata, ORs were calculated to quantify the strength of the

relationship between severity markers and outcomes. The unadjusted ORs were calculated

directly from 2 x 2 contingency tables. This is computationally more efficient than using

logistic regression that would return identical results (Table 5.3). A continuity correction

of 0.5 was applied to all cells to prevent division by zero. The OR is the first metric used

to evaluate the severity marker performance (Figure 5.1).

Confidence intervals were calculated using Woolf’s approximation, which, like the odds

ratios, is derived directly from the contingency tables and is computationally efficient

[135, 136]. To account for multiple testing, a Bonferroni correction was applied separately

within the pandemic and non-pandemic analyses, controlling the family-wise error rate at

𝛼 = 0.05 in each [137]. Results are presented in forest plots.

Table 5.6: Odds ratios and confidence intervals: individual analysis

Odds ratios and confidence intervals

Contingency table

Outcome present Outcome absent

Marker present TP FP

Marker absent FN TN

Odds ratios

Continued on next page
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Table 5.6: Odds ratios and confidence intervals: individual analysis (continued)

Odds ratios and confidence intervals

OR =
(TP + 0.5) (TN + 0.5)
(FP + 0.5) (FN + 0.5)

Standard errors (Woolf)

SE(log OR) =
√︂

1
TP + 0.5

+ 1
FP + 0.5

+ 1
FN + 0.5

+ 1
TN + 0.5

Bonferroni adjustment

𝑍 = Φ−1
(
1 − 𝛼

2 𝑛tests

)

Calculated separately for the pandemic and non pandemic analyses with

𝑛tests = (#markers) × (#age bands) × (#ARI subtypes).

CIlower = exp(log OR − 𝑍 × SE(log OR))

CIupper = exp(log OR + 𝑍 × SE(log OR))

Notes: TP: True positives; FP: False positives; TN: True negatives; FN: False negatives; OR:

Odds ratio; SE(log OR): Standard error of the log odds ratio; CIlower: Lower confidence

interval bound; CIupper: Upper confidence interval bound; 𝑍: Critical value from the

standard normal distribution using the Bonferroni adjusted 𝛼; Φ−1: Inverse standard normal

distribution function (Z score); 𝛼: Familywise error rate (for example 0.05 for 95%

confidence intervals); 𝑛tests: Number of tests in the Bonferroni family (markers × age bands

× ARI subtypes).
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5.3.7 Step 4b: Weekly aggregate analysis

The purpose of this analysis was to assess whether changes in the weekly aggregate

predictors over time were similar to changes in the weekly aggregate outcomes. As the

weekly aggregate analysis is more complex than the individual analysis I have laid out a

summary of the specific sub-steps in Figure 5.3.

Figure 5.3: Overview of the analysis workflow. This figure covers the detail of Step 4b in the
overall analysis plan (Figure 5.1). Green boxes indicate data partitions by study period. Blue

boxes indicate steps in the analysis. Orange boxes indicate metrics

Data preparation

For all predictors, data were aggregated at the weekly level within each study stratum.

This aggregation transformed the data from individual level data to weekly-level data. In

the individual data, each row represented a single ARI case with binary flags indicating
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the presence of the outcome and predictors. The resulting weekly-level data contained

one row per study week, with columns indicating the proportion of individuals for whom

each predictor was present.

This weekly data meets the criteria for a generic severity indicator outlined in Table 1.4.

This results in a severity indicator for each of the 43 flags and the composite outcome.

These can then be compared to establish their aggregate-level relationship. To ensure

weeks with no episodes were not missed, a Cartesian grid of all study ISO weeks for

combinations of ARI subtype and age bands (as described above) was created and merged

with the aggregated dataset.

Detrending

The previous chapter identified long term trends in the data. These were likely due to

practitioner recording behaviours rather than true changes in severity. Long term trends can

result in spurious correlations between two time series. For example, a shared long term

positive trend in the outcome and a severity indicator could result in a positive correlation

coefficient that doesn’t reflect a meaningful relationship between the two. These trends

do not exist in all indicators and the exclusion of Period 1 from the analysis will limit

the impact of trends. However, a methodology for removing trends is required to limit

identification of spurious correlations.

I used locally estimated scatterplot smoothing (LOESS) to remove long-term trends (Fig-

ure 5.4) [138, 139]. LOESS is a localised, weighted, non-parametric regression that fits a

smooth curve by performing weighted linear regression in a neighbourhood around each

time point with weights that decrease with distance. The span parameter 𝛼 controls the

proportion of data used in each local fit and therefore takes a value of between 0 and 1

(exclusive of 0). A larger 𝛼 produces a smoother curve (approaching linear). I set 𝛼 = 0.6,

which uses the nearest 60% of points for each local fit, allowing some flexibility to capture

non-linear trends while removing long-term drift. This value was chosen based on visual

inspection of different levels for alpha. The fitted LOESS curve is then subtracted from
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the original data to obtain detrended values (Figure 5.4).

Figure 5.4: Locally estimated scatterplot smoothing (LOESS) detrending using synthetic data.
Top: Example of raw data for a generic severity indicator in dark grey and a fitted LOESS line

with an alpha (span) of 0.6. overlaid in orange. Bottom: detrended data, obtained by subtracting
the LOESS fit from the raw data. Note the scale of detrended data is now centred around zero

For the non-pandemic analysis, I detrended all weekly aggregated predictor and outcome

data using LOESS, irrespective of whether long-term trends were visually apparent. The

rationale for this is that in the absence of a trend the LOESS will produce a model without

a trend, and when subtracted results in a time series of the same shape to the original. In

contrast, I did not perform detrending for the pandemic analysis. Due to the short length of

the pandemic period (Period 3), trends were more likely to represent true epidemiological

signals.

Smoothing

As identified in the previous chapter, recording rates were highly variable and indicator

signals often noisy (Figure 5.5) [139]. To reduce this noise before assessing associations

between severity indicators and the outcome, a trailing four-week rolling mean was applied
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to all time series. This approach is commonly used to reduce the noise in epidemiological

analyses and is easy to communicate. Specifically, each weekly value was replaced with

the average of that week and the preceding three weeks.

I calculated a rolling four-week average as

𝑦̃𝑡 =
1
4

3∑︁
𝑖=0

𝑦𝑡−𝑖,

where 𝑦𝑡 is the value in ISO week 𝑡, and 𝑦̃𝑡 is the smoothed series.

Figure 5.5: Top panel: Synthetic example of raw data for a generic severity indicator in dark
grey with the 4-week rolling mean overlaid in orange. The shaded band highlights the window

used to compute the rolling value at week 𝑡24, averaging weeks 𝑡21–𝑡24; the orange point marks the
resulting mean. Bottom panel: Residuals, or noise, obtained by subtracting the rolling mean

from the raw data. The signal-to-noise ratio (SNR) is calculated as the variance of the smoothed
series divided by the variance of the residuals.
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Cross correlation analysis

To measure the similarity between predictor and outcome time series, I used a cross

correlation analysis. This calculates the Pearson’s correlation coefficient between the two

time series at varying lags. In this analysis these two time series are the predictor and

the outcome time series (Appendix A4.1). Figure 5.6 is a synthetic example illustrating

the correlation between two time series, the top panel shows where two time series

have a strong correlation and the bottom shows a situation where there is no discernible

correlation.

Zero correlation   |   sample r = 0.018

Strong positive correlation   |   sample r = 0.844
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Figure 5.6: Examples of correlated and uncorrelated time series using synthetic data. Top:
Strong positive correlation. Bottom: No substantial correlation. Predictors are shown in blue and

the ’true’ outcome signal in orange. Each panel reports the sample Pearson correlation 𝑟 above
the figure panel.

Cross-correlation identifies lagged relationships by computing Pearson’s correlation coef-

ficient across a range of lags [139]. This is done by shifting the predictor series forward

(and/or backward) in one unit steps relative to the outcome series and recomputing the

correlation at each step. This is traditionally used to quantify the association between two

time series and ascertain at what lag this association is maximised. An example where we
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might expect a lead-lag relationship could be the incidence of cases of ARI derived from a

primary care population compared to the incidence of ARI in secondary care, as primary

care attendances traditionally peak before hospitalisations [140].

However, in this DPhil, because the outcome and predictors are derived from the same

population and indicators are based on the date of the index ARI case no substantial

lead-lag relationship would be expected. Here, I restricted the cross-correlation analysis

to lags from -2 to +2 (±2 weeks) to allow a small amount of flexibility and account for

some noise, but did not attempt to define the lead-lag relationship as is traditional with

cross correlation.

Confidence intervals for the CCs were defined using block bootstrap resampling [141].

This method repeatedly samples short continuous sections (’blocks’) of the time series

and re-runs the correlation analysis for each sample, at the maximum lag defined whilst

calculating the confidence interval. This block-based approach preserves the ordered

structure of the time series data, resulting in more appropriate CIs. The resulting set of

estimates defines a bootstrap sampling distribution for the correlation coefficient. The

standard deviation of this distribution provides an estimate of the standard error, from

which confidence intervals are derived.

Signal to noise ratio

The strength of the underlying signal relative to random noise is called the SNR [142]. One

common definition expresses this as the ratio of the signal variance to the noise variance:

SNR =
Var(𝑠𝑡)
Var(𝑛𝑡)

where Var(𝑠𝑡) and Var(𝑛𝑡) are the variances of the signal and noise components, respec-

tively. The SNR in this form can be derived from the rolling four-weekly mean. This is

achieved by dividing the variance of the model (orange line, top panel, Figure 5.5), which

represents the signal, by the variance of the residuals of the model (blue line, bottom panel,
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Figure 5.5), which represents the noise. An SNR of greater than 1 indicates the signal

is stronger than the noise and less than 1 indicates the noise is stronger than the signal.

Figure 5.7 demonstrates how SNR can vary. The SNR is the third metric and is used to

filter out noisy indicators, see detailed section in Step 5, in the following section, and

Figure 5.1.
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Figure 5.7: Example of variable signal-to-noise ratio (SNR) levels using synthetic data. Each
panel shows an example with different degrees of noise. Example of raw data in dark grey,

4-week rolling mean overlaid in orange and ’true’ underlying signal in dashed blue. Top panel:
High SNR: minimal noise in the system. Middle panel: Moderate SNR, some noise but a signal

is apparent. Bottom panel: Low SNR, high noise level and signal is almost lost to noise.
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5.3.8 Step 5: Ranking indicators

Metrics 1 and 2 from the individual and aggregate analyses are then used to rank severity

indicators. However, prior to ranking indicators a simple set of filters are applied using

Metrics 1, 2 and 3 to exclude least relevant severity markers. Severity markers were

included if they met the following criteria:

1. Patient-level association: indicators with a positive odds ratio (>0) and a statisti-

cally significant association at the patient level were retained.

2. Aggregate-level association: indicators with a positive and statistically significant

correlation coefficient of moderate or greater strength at the selected lag were

retained. I defined the cut off as 0.4, a commonly cited value for a moderate strength

correlation [143].

3. Signal quality: indicators with a signal-to-noise ratio (SNR) greater than 1 were

retained.

The OR and CC were then combined using the geometric mean (GM) (Table 5.7). Prior to

calculating the GM, both OR and CC were rescaled to lie between 1 and 10. Specifically,

the scaled value 𝑥scaled was defined using min–max rescaling as

𝑥scaled = 1 + 9
𝑥 − min(𝑥)

max(𝑥) − min(𝑥) ,

where min(𝑥) and max(𝑥) denote the minimum and maximum observed values of that

metric in the sample. Rescaling is necessary because the CC is bound between −1 and

1, whereas the OR can theoretically extend from 0 to infinity. Without this step, large

odds ratios would have a dominant contribution to the GM. The SNR is used to filter out

noisy signals and is not a component of the GM, as it is not a reflection of association.

This approach gives equal weight to the OR and CC, which is reasonable as there is no

supporting evidence favouring the weighting of these. Furthermore, the GM is preferred
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over a simple arithmetic mean as it favours a more balanced contribution from the OR and

CC.

Table 5.7: Geometric mean definition

Composite score

GM𝑖 =

(
ÕR𝑖 × C̃C𝑖

) 1
2

Notes

Where ÕR𝑖 denotes the rescaled odds ratio (OR), and C̃C𝑖 the rescaled

cross-correlation coefficient (CC) for severity indicator 𝑖. Both metrics were

rescaled to the range [1, 10] to ensure comparability. The geometric mean (GM) is

used so that an indicator must perform consistently across both metrics to achieve

a high score, while poor performance in either dimension reduces the composite.

5.3.9 Sample size

A sample size calculation was not performed for this analysis as I have used all data

available to me for the study period. This is a large representative sample derived from

over 25.7 million episodes of ARI, and there is no mechanism to collect further data.

5.3.10 Missing data

As described in the previous chapter, the completeness of recording of severity marker

data was highly variable. However, for binary severity markers it was not possible to

state definitively whether data were truly missing or whether the marker was simply not

recorded (Table 4.2). In this analysis, if a binary severity marker was not recorded, I

assumed that it was not present.

For numeric severity markers, I took the same approach for the patient-level analysis,
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assuming that if a severity marker was not recorded, a given threshold was not breached.

However, for the weekly aggregate analysis, I took a different approach. Because the pro-

portion of ARI episodes for which signs were recorded varied over time, I only calculated

the rate of abnormal signs for those ARI episodes in which signs were recorded. In other

words, episodes with missing values for numeric severity markers were not included in

the calculation of those specific severity indicators. This helped to reduce the impact of

differences in completeness of clinical sign recording over time.

5.4 RESULTS

5.4.1 Presentation of results

I present the results of the non-pandemic analysis first, followed by the pandemic analysis.

The following results are displayed in each of these 2 sections:

1. Summary of population characteristics

2. Composite outcome and predictor reporting frequencies

3. Individual-level analysis forest plots of odds ratios

4. Weekly aggregate-level analysis forest plots of correlation coefficients

5. Ranked indicators by strata

6. Example of time series of top ranked indicators

As there are a large number of potential results to display, for items 2, 3, 4 and 6 in the

above list, I only present the results for a single example stratum in both non-pandemic and

pandemic periods. For the non-pandemic period I present these results for LRTI-ECLD

combined in over 65 year olds and in the pandemic period I present results for suspected

COVID-19 in over 65 year olds. For the remaining items I present results relevant to all

strata. All results not presented in the main text are included in the Appendix.
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To ensure that an overview of the whole analysis is presented, I combine the results of both

analyses to compare the performance of all indicators in all strata in both the pandemic

and non-pandemic periods.

5.4.2 Non-pandemic analysis

Study population

The non-pandemic analysis included 12,210,422 episodes of ARI: 7,385,365 URTI,

4,576,310 LRTI-ECLD combined and 248,747 episodes of ILI. The mean age of partici-

pants at the time of the episodes was 34.95 years and episodes occurred more commonly

in women (57.9%). There were 1,690,783 episodes of LRTI-ECLD combined in over

65 year olds. Other demographic characteristics of individuals included in the study are

presented in Table 5.8. Full analyses for all other strata including forest plots are included

in Appendix A4.2.

Table 5.8: Baseline characteristics of ARI episodes, stratified by ARI subtype

Characteristic Overall URTI LRTI-ECLD ILI

n 12,210,422 7,385,365 4,576,310 248,747
Rate per week𝑎 30,678 18,552 11,499 625

Age band (%)

Under 15yrs
4,063,668

(33.3%)

3,321,570

(45.0%)

715,044

(15.6%)

27,054

(10.9%)

15 to 64yrs
5,857,349

(48.0%)

3,499,920

(47.4%)

2,170,483

(47.4%)

186,946

(75.2%)

Over 65yrs
2,289,405

(18.7%)

563,875

(7.6%)

1,690,783

(36.9%)

34,747

(14.0%)

Age years (mean (SD))

Mean (SD) 34.95 (27.47) 25.07 (23.12) 50.52 (26.93) 41.57 (20.69)

Sex (%)

Male
5,145,313

(42.1%)

3,058,063

(41.4%)

1,981,743

(43.3%)

105,507

(42.4%)

Ethnicity (%)
Continued on next page
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Table 5.8: Baseline characteristics (continued)

Characteristic Overall URTI LRTI-ECLD ILI

Asian
1,261,659

(10.3%)

876,845

(11.9%)

350,318

(7.7%)

34,496

(13.9%)

Black
398,051

(3.3%)

273,522

(3.7%)

112,089

(2.4%)

12,440

(5.0%)

Mixed
245,248

(2.0%)

182,080

(2.5%)

58,509

(1.3%)

4,659

(1.9%)

White
8,970,360

(73.5%)

5,138,055

(69.6%)

3,658,920

(80.0%)

173,385

(69.7%)

Other
204,657

(1.7%)

151,990

(2.1%)

47,772

(1.0%)

4,895

(2.0%)

Missing
1,130,447

(9.3%)

762,873

(10.3%)

348,702

(7.6%)

18,872

(7.6%)

Risk group (%)

Risk group
4,388,383

(35.9%)

1,586,148

(21.5%)

2,724,378

(59.5%)

77,857

(31.3%)

Risk group (%)

Risk group
906,919

(7.4%)

120,394

(1.6%)

778,089

(17.0%)

8,436

(3.4%)

Notes: URTI: upper respiratory tract infection; LRTI-ECLD: lower respiratory tract infection and

exacerbations of chronic lung disease combined; ILI: influenza-like illness.

Frequency and percentages is shown for categorical variables and means standard deviations are

shown for numeric variables.

𝑎 Average weekly rate calculated over 2,786 days (approximately 398 weeks).

Outcome and severity marker recording: LRTI-ECLD in over 65 year olds

Of the 1,690,783 included episodes of LRTI-ECLD in over 65 year olds, 257,073 (15.2%)

had a recorded composite outcome (Table 5.9). The most commonly recorded predic-

tors by far were prescriptions. The three most frequently recorded were: any antibiotic

prescription (1,390,330; 82.2%), prescription of amoxicillin (863,964; 51.1%), and pre-

scription of doxycycline (424,434; 25.1%). Prescriptions of oseltamivir (1,073; 0.1%),

148



Chapter 5

cephalosporins (17,293; 1.0%) and penicillin (6,151; 0.4%) were less commonly recorded.

Table 5.9: Predictor recording: non-pandemic, LRTI-ECLD, 65+yrs

Parameter n (%)

Episodes

Episodes n 1,690,783
Outcome n (%) 257,073 (15.2%)
- Hospital attendance 168,003 (9.9%)
- Hospital admission 90,220 (5.1%)
- ICU admission 287 (0.0%)
- Complication 14,292 (0.8%)
- Died 62,613 (3.7%)

Predictors (ordered by % desc.)

(1) Any antibiotic 1,390,330 (82.2%)
(2) Amoxicillin 863,964 (51.1%)
(3) Doxycycline 424,434 (25.1%)
(4) Any-sign Flag 1 424,156 (25.1%)
(5) Prednisilone 414,210 (24.5%)
(6) Macrolide 224,097 (13.3%)
(7) O2 sats Flag 1 203,660 (12.0%)
(8) PR Flag 1 156,610 (9.3%)
(9) Any symptom 153,124 (9.1%)
(10) Any-sign Flag 2 152,731 (9.0%)
(11) Dyspnoea 123,354 (7.3%)
(12) Chest X-ray request 111,349 (6.6%)
(13) O2 sats Flag 2 80,695 (4.8%)
(14) Chest signs 78,658 (4.7%)
(15) Temp Flag 1 66,097 (3.9%)
(16) Co-amoxiclav 62,128 (3.7%)
(17) BP Flag 1 60,969 (3.6%)
(18) Any-sign Flag 3 53,301 (3.2%)
(19) RR Flag 1 50,421 (3.0%)
(20) RR Flag 2 49,916 (2.9%)
(21) CRP 34,262 (2.0%)
(22) O2 sats Flag 3 33,025 (2.0%)
(23) WBC 31,984 (1.9%)

Continued on next page
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Table 5.9: Predictor recording: Non-pandemic, LRTI-ECLD, 65+yrs (continued)

Parameter n (%)

(24) Ambulance 24,903 (1.5%)
(25) NHS 111 24,640 (1.5%)
(26) Malaise 19,579 (1.2%)
(27) PR Flag 2 19,180 (1.1%)
(28) BP Flag 2 18,089 (1.1%)
(29) RR Flag 3 17,517 (1.0%)
(30) Cefalosporin 17,293 (1.0%)
(31) Work absence 11,729 (0.7%)
(32) Fever 7,702 (0.5%)
(33) Confusion 7,120 (0.4%)
(34) Penicillin 6,151 (0.4%)
(35) BP Flag 3 4,396 (0.3%)
(36) Hospital referral 3,776 (0.2%)
(37) Haemoptysis 2,983 (0.2%)
(38) Temp Flag 2 2,326 (0.1%)
(39) PR Flag 3 2,223 (0.1%)
(40) Temp Flag 3 1,510 (0.1%)
(41) Oseltamivir 1,073 (0.1%)
(42) Work of breathing 298 (0.0%)
(43) Cyanosis 162 (0.0%)

Grouped sign flags were also common: any sign Flag 1 (424,156; 25.1%), any sign

Flag 2 (152,731; 9.0%), and any sign Flag 3 (53,301; 3.2%). Among specific signs, the

most frequently present were oxygen saturation Flag 1, which represents episodes with

saturations < 95% (203,660; 12.0%), pulse rate Flag 1, which represents episodes with

pulse rate <51 or >90 (156,610; 9.3%), and chest signs (78,658; 4.7%). Some signs: work

of breathing (298; 0.0%), and cyanosis (162; 0.0%) were almost never recorded.

The most frequently recorded symptoms were dyspnoea (123,354; 7.3%), malaise (19,579;

1.2%), and fever (7,702; 0.5%). Other symptoms were rarely recorded: haemoptysis

(2,983; 0.2%) and confusion (7,120; 0.4%).
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Table 5.9 presents these results in full in descending order of frequency.

Individual-level analysis: LRTI-ECLD in over 65 year olds

All predictors had a significant association with the composite outcome except for a

prescription of penicillin (Figure 5.8). Thirty-seven severity markers were positively

associated with the outcome and 6 were negatively associated with the outcome. There

were a wide range of ORs from 0.46 (any antibiotic prescription) to 11.18 (hospital

referral).
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Figure 5.8: Odds ratios (OR) and 95% confidence intervals (CI) for the association between 43
severity markers and the composite outcome, for LRTI-ECLD cases in over 65 year olds. Markers

with OR < 1 indicate a negative association, while those with OR > 1 indicate a positive
association. Severity marker groupings are defined by colour as seen in the legend. Health care
util: health care utilisation, Hosp: hospital, PR: pulse rate, BP: blood pressure, RR: respiratory

rate, O2 sats: oxygen saturation, NHS 111: National Health Service 111 (telephone advice line),
CRP: C-reactive protein, WBC: white blood cell, Temp: temperature, CXR: chest X-ray, Abx:

antibiotic.

Those with the strongest positive associations included hospital referral (OR 11.18, CI

9.75–12.82), PR Flag 3 (OR 9.48, CI 7.96–11.28), ambulance encounter (OR 9.26, CI
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8.79–9.76), confusion (OR 7.04, CI 6.40–7.74), BP Flag 3 (OR 6.99, CI 6.20–7.89), RR

Flag 3 (OR 6.47, CI 6.09–6.88), cyanosis (OR 5.31, CI 2.86–9.87), and any sign Flag 3

(OR 5.20, CI 5.02–5.39).

Numeric clinical sign flags showed progressively stronger associations with the outcome

from Flag 1 to Flag 3. For example, oxygen saturation Flag 1 was modestly associated with

the outcome (OR 2.00, CI 1.96–2.05), while oxygen saturation Flag 2 showed a stronger

association (OR 3.07, CI 2.97–3.16), and oxygen saturation Flag 3 the strongest (OR 4.92,

CI 4.70–5.14).

Temperature was the only sign where flags were not sequentially associated with the

outcome, as Flag 3 was less strongly associated than Flag 2. Specifically, temperature

Flag 1 was modestly associated with the outcome (OR 1.53, CI 1.47–1.59), Flag 2 showed

a stronger association (OR 4.36, CI 3.70–5.15), but Flag 3 was weaker (OR 2.28, CI

1.82–2.86). Flag 3 corresponded to a temperature < 35.1◦C (Table 5.4).

Six of the 43 severity markers were negatively associated with the outcome: any antibiotic

(OR 0.46, CI 0.45–0.47), amoxicillin (OR 0.60, CI 0.59–0.61), work absence (OR 0.76,

CI 0.68–0.85), chest signs (OR 0.84, CI 0.80–0.88), doxycycline (OR 0.85, CI 0.83–0.87),

and prednisolone (OR 0.96, CI 0.94–0.99).

Weekly aggregate analysis: LRTI-ECLD in over 65 year olds

For the weekly aggregate analysis, 20 severity indicators had positive and significant CCs,

9 had negative and significant CCs, and 14 had non-significant positive or negative CCs.

The five indicators with the largest positive CC were: BP Flag 1 (CC 0.84, CI 0.74–0.90),

BP Flag 2 (CC 0.73, CI 0.58–0.83), O2 sats Flag 1 (CC 0.69, CI 0.45–0.84), O2 sats Flag

2 (CC 0.66, CI 0.41–0.82), and any sign Flag 2 (CC 0.66, CI 0.45–0.81).
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Figure 5.9: Forest plot showing unadjusted relationship between severity markers and composite
outcome of hospitalisation, complications, ICU admission or death

Several markers showed negative correlation with the outcome, including any antibiotic

(CC –0.81, –0.89 to –0.69), amoxicillin (CC –0.64, CI –0.79 to –0.42), doxycycline (CC

–0.58, CI –0.77 to –0.29), work absence (CC –0.55, CI –0.72 to –0.32), temperature Flag

1 (CC –0.51, CI –0.73 to –0.21), and temperature Flag 3 (CC –0.39, CI –0.62 to –0.09).
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Severity marker ranking: all strata

After applying the filters (exclusion of non-associated and noisy signals (Section 5.3.8)),

for non-pandemic URTI and LRTI-ECLD, a total of 27 non-unique severity markers

remained (some appear in multiple strata). These comprised 14 clinical signs, 6 symptoms,

4 prescriptions and 3 investigations. Across both URTI and LRTI-ECLD analyses, there

were 15 unique severity markers: 8 clinical signs, 3 symptoms, 2 prescriptions, and 2

investigations.

URTI: Five severity indicators remained for 15 to 64 year olds (Table 5.10). These were:

malaise (GM 2.94, SNR 2.37), co-amoxiclav (GM 2.93, SNR 1.58), BP Flag 1 (GM 2.91,

SNR 4.16), BP Flag 2 (GM 2.77, SNR 1.71) and any symptom (GM 2.65, SNR 1.88). For

children <15 years 2 severity indicators remained: chest signs (GM 4.23, SNR 2.72) and

prednisolone (GM 2.90, SNR 5.83).

Table 5.10: Top indicators for non-pandemic URTI

Predictor OR (95% CI) CCF (95% CI) SNR GM Rank

15–64 yrs

Malaise 1.45 (1.35–1.56) 0.71 (0.53–0.82) 2.37 2.94 1

Co-amoxiclav 1.78 (1.67–1.90) 0.64 (0.43–0.78) 1.58 2.93 2

BP Flag 1 1.48 (1.42–1.54) 0.69 (0.49–0.82) 4.16 2.91 3

BP Flag 2 1.58 (1.46–1.71) 0.63 (0.35–0.80) 1.71 2.77 4

Any symptom 1.51 (1.44–1.58) 0.61 (0.40–0.75) 1.88 2.65 5

<15 yrs

Chest signs 3.48 (3.26–3.71) 0.73 (0.57–0.83) 2.72 4.23 1

Prednisolone 1.49 (1.41–1.57) 0.69 (0.50–0.81) 5.83 2.90 2

Notes: The geometric mean is of the scaled OR and CC. SNR: signal to noise ratio, GM:

geometric mean, BP: blood pressure.

LRTI/ECLD: After applying filters (exclusion of non-associated and noisy signals (Sec-

tion 5.3.8), 9 severity indicators remained for those aged 65+ years (Table 5.11). These
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were BP Flag 2 (GM 4.48, SNR 1.21), BP Flag 1 (GM 4.23, SNR 2.98), any sign Flag 2

(GM 3.82, SNR 1.23), O2 saturation Flag 2 (GM 3.76, SNR 1.11), O2 saturation Flag 1

(GM 3.26, SNR 1.68), any symptom (GM 2.83, SNR 4.18), any sign Flag 1 (GM 2.80,

SNR 2.08), dyspnoea (GM 2.67, SNR 4.47), and CXR request (GM 2.54, SNR 3.51).

For adults aged 15–64 years, 10 severity markers remained: O2 saturation Flag 2 (GM

4.45, SNR 1.18), BP Flag 2 (GM 3.62, SNR 1.54), BP Flag 1 (GM 3.40, SNR 3.99), O2

saturation Flag 1 (GM 3.38, SNR 1.80), CRP (GM 3.37, SNR 1.29), co-amoxiclav (GM

3.17, SNR 1.66), CXR request (GM 3.16, SNR 3.83), prednisolone (GM 2.93, SNR 7.97),

dyspnoea (GM 2.65, SNR 3.95), and any symptom (GM 2.60, SNR 3.17). For children

<15 years, a single severity indicator remained: temperature Flag 1 (GM 1.83, SNR 3.95).

ILI: No indicators remained for ILI after filtering.

Table 5.11: Top indicators for non-pandemic LRTI-ECLD

Predictor OR (95% CI) CC (95% CI) SNR GM Rank

65+ yrs

BP Flag 2 3.92 (3.69–4.17) 0.73 (0.58–0.83) 1.21 4.48 1

BP Flag 1 2.74 (2.65–2.84) 0.84 (0.74–0.90) 2.98 4.23 2

Any sign Flag 2 3.19 (3.12–3.27) 0.66 (0.45–0.81) 1.23 3.82 3

O2 sats Flag 2 3.07 (2.97–3.16) 0.66 (0.41–0.82) 1.11 3.76 4

O2 sats Flag 1 2.00 (1.96–2.05) 0.69 (0.45–0.84) 1.68 3.26 5

Any symptom 1.73 (1.69–1.78) 0.62 (0.28–0.82) 4.18 2.83 6

Any sign Flag 1 2.02 (1.98–2.05) 0.57 (0.27–0.76) 2.08 2.80 7

Dyspnoea 1.47 (1.42–1.51) 0.62 (0.34–0.80) 4.47 2.67 8

CXR request 1.58 (1.54–1.63) 0.56 (0.29–0.75) 3.51 2.54 9

15–64 yrs

O2 sats Flag 2 3.88 (3.66–4.12) 0.73 (0.54–0.85) 1.18 4.45 1

BP Flag 2 2.20 (2.04–2.38) 0.76 (0.59–0.86) 1.54 3.62 2

BP Flag 1 1.71 (1.64–1.79) 0.80 (0.66–0.88) 3.99 3.40 3

O2 sats Flag 1 2.05 (1.98–2.13) 0.72 (0.49–0.85) 1.80 3.38 4

CRP 3.75 (3.50–4.01) 0.52 (0.28–0.70) 1.29 3.37 5

Co-amoxiclav 1.97 (1.87–2.07) 0.67 (0.49–0.80) 1.66 3.17 6

Continued on next page
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Table 5.11: Top indicators for non-pandemic LRTI-ECLD (continued)

Predictor OR (95% CI) CC (95% CI) SNR GM Rank

CXR request 1.87 (1.81–1.94) 0.69 (0.44–0.83) 3.83 3.16 7

Prednisolone 1.29 (1.26–1.32) 0.74 (0.56–0.86) 7.97 2.93 8

Dyspnoea 1.81 (1.74–1.88) 0.56 (0.29–0.74) 3.95 2.65 9

Any symptom 1.81 (1.75–1.87) 0.54 (0.25–0.74) 3.17 2.60 10

<15 yrs

Temp Flag 1 1.50 (1.43–1.58) 0.40 (0.07–0.66) 3.95 1.83 1

Notes: The geometric mean is of the scaled OR and CC. SNR: signal-to-noise ratio, GM:

geometric mean, BP: blood pressure, O2 sats: oxygen saturation, CXR: chest X-ray, CRP:

C-reactive protein.

Figure 5.10 shows an example severity indicator and its comparison with the composite

outcome. The top panel shows how the proportion of cases with blood pressure Flag 2

(top ranked indicator for LRTI-ECLD in over 65 year olds) changes in study Period 2 (the

late pre-pandemic period). The lower panel shows how the proportion of cases with the

outcome varies over time. Peaks in both broadly align, which is reflected in the correlation

coefficient of 0.73 (CI 0.58-0.83). A notable finding is that severity peaks in the summer

months, indicated by the arrows in the lower panel.
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Figure 5.10: Example indicator: non-pandemic. TOP PANEL: Rolling 4-weekly average of
proportion of cases of LRTI and ECLD combined in over 65 year olds for whom the blood

pressure Flag 2 (systolic blood pressure (BP) less than 101) was present. BOTTOM PANEL:
weekly proportion of the same cases with the composite outcome recorded. Arrows on bottom
panel indicate the month in which the peak cases occurred during the given year. NOTE: The
y-axis scale is centred around zero as a consequence of trend adjustment and therefore this

doesn’t reflect the true proportion

5.4.3 Pandemic analysis

Study population
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The pandemic analysis included 2,907,933 episodes of suspected COVID-19. The mean

age of participants at the time of the episodes was 37.24 years and participants were more

commonly women (59.1%). There were 540,500 episodes of suspected COVID-19 in over

65 year olds. Other demographic characteristics of individuals included in the study are

presented in Table 5.12.

Table 5.12: Baseline characteristics of suspected COVID-19

Characteristic / level Value
n 2,907,933
Rate per week𝑎 20,273

Age band (%)

Under 15yrs 777,840 ( 26.7% )
15 to 64yrs 1,589,593 ( 54.7% )
Over 65yrs 540,500 ( 18.6% )

Age years (mean (SD))

Mean (SD) 37.24 (26.45)

Sex (%)

Male 1,190,500 ( 40.9% )

Ethnicity (%)

Asian 275,702 ( 9.5% )
Black 90,580 ( 3.1% )
Mixed 59,795 ( 2.1% )
White 2,222,238 ( 76.4% )
Other 51,890 ( 1.8% )
Missing 207,728 ( 7.1% )

Risk group (%)

Risk group 1,134,916 ( 39.0% )

Resp risk group (%)

Resp risk group 243,952 ( 8.4% )

Notes: Values are n (percentage) unless stated. Means (SD) shown for continuous variables.
𝑎Average weekly rate calculated over 1,004 days (approximately 143 weeks).
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Outcome and severity marker recording

Of the 540,500 included episodes of suspected COVID-19 in over 65 year olds, 88,471

(16.4%) had a recorded outcome (Table 5.13). Prescriptions were again the most com-

monly recorded severity markers, but were substantially less commonly recorded than

during the non-pandemic period. For example, any antibiotic was recorded in 344,719

(63.8%) pandemic episodes compared with 1,390,330 (82.2%) non-pandemic episodes;

amoxicillin in 181,758 (33.6%) vs. 863,964 (51.1%), and doxycycline in 126,667 (23.4%)

vs. 424,434 (25.1%), respectively.

Table 5.13: Predictor recording: Pandemic, Suspected COVID, 65+yrs

Predictor n (%)

Episodes

Episodes n 540,500
Outcome n (%) 88,471 (16.4%)
- Hospital attendance 56,397 (10.4%)
- Hospital admission 27,569 (5.1%)
- ICU admission 166 (0.0%)
- Complication 4,910 (0.9%)
- Died 26,390 (4.9%)

Predictors (ordered by % desc.)

Any antibiotic 344,719 (63.8%)
Amoxicillin 181,758 (33.6%)
Doxycycline 126,667 (23.4%)
Prednisolone 100,074 (18.5%)
Any-sign (Level 1) 95,486 (17.7%)
Any symptom 57,542 (10.6%)
Dyspnoea 44,628 (8.3%)
O2 sats Flag 1 42,656 (7.9%)
PR Flag 1 33,938 (6.3%)
Any-sign (Level 2) 35,835 (6.6%)
CXR request 25,495 (4.7%)
NHS 111 21,958 (4.1%)
Ambulance 16,270 (3.0%)
Co-amoxiclav 16,154 (3.0%)

Continued on next page
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Table 5.13: Predictor recording: Pandemic, Suspected COVID, 65+yrs (continued)

Predictor n (%)

Penicillin 14,439 (2.7%)
Temp Flag 1 13,681 (2.5%)
BP Flag 1 13,692 (2.5%)
RR Flag 1 13,557 (2.5%)
RR Flag 2 13,461 (2.5%)
Any-sign (Level 3) 13,830 (2.6%)
Chest signs 12,603 (2.3%)
CRP 10,254 (1.9%)
O2 sats Flag 2 18,078 (3.3%)
O2 sats Flag 3 8,335 (1.5%)
WBC 8,772 (1.6%)
Malaise 7,457 (1.4%)
Fever 6,477 (1.2%)
Work absence 5,677 (1.0%)
RR Flag 3 5,183 (1.0%)
Macrolide 4,589 (0.8%)
PR Flag 2 4,602 (0.8%)
Cefalosporin 4,114 (0.8%)
BP Flag 2 4,260 (0.8%)
Confusion 3,079 (0.6%)
Haemoptysis 1,017 (0.2%)
BP Flag 3 1,117 (0.2%)
Hospital referral 1,305 (0.2%)
PR Flag 3 667 (0.1%)
Temp Flag 2 664 (0.1%)
Temp Flag 3 289 (0.1%)
Work of breathing 134 (0.0%)
Oseltamivir 174 (0.0%)
Cyanosis 58 (0.0%)

Individual-level analysis: Suspected COVID-19 in over 65 year olds

All predictors had a significant association with the composite outcome except for os-

eltamivir, chest signs and prednisolone (Figure 5.11). Thirty-five severity markers were

positively and significantly associated with the outcome, with ORs ranging from 1.09 to
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12.12. Five markers were negatively and significantly associated with the outcome, with

ORs ranging from 0.41 to 0.84.

Figure 5.11: Forest plot showing relationship between severity markers and composite outcome
of hospitalisation, complications, ICU admission or death

Those with the strongest positive associations included: cyanosis (OR 12.12, CI 3.92 to

37.45), PR Flag 3 (OR 10.85, CI 7.82 to 15.07), ambulance encounter (OR 9.84, CI 9.21

to 10.52), hospital referral (OR 9.00, CI 7.16 to 11.30), and RR Flag 3 (OR 8.58, CI 7.65

to 9.62). Notably, cyanosis had wide confidence intervals, reflecting that it was the least
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commonly recorded severity marker (Table 5.11).

Numeric clinical sign flags (except for temperature) again showed progressively stronger

associations with the outcome from Flag 1 to Flag 3. For example, oxygen saturation Flag

1 was modestly associated with the outcome (OR 2.67, CI 2.56 to 2.79), while Flag 2

showed a stronger association (OR 4.26, CI 4.01 to 4.53), and Flag 3 the strongest (OR

6.83, CI 6.25 to 7.47).

Severity markers negatively associated with the outcome included: any antibiotic (OR

0.66, CI 0.64 to 0.68), amoxicillin (OR 0.71, CI 0.68 to 0.73), work absence (OR 0.55, CI

0.46 to 0.66), doxycycline (OR 0.84, CI 0.81 to 0.87) and penicillin (OR 0.41, CI 0.37 to

0.47).

Weekly aggregate analysis: Suspected COVID-19 in over 65 year olds

For the weekly aggregate analysis, 16 severity indicators had positive and significant CCs,

6 had negative and significant CCs, and 21 had non-significant positive or negative CCs.

The five indicators with the largest positive CC were malaise (CC 0.88, CI 0.69 to 0.96),

O2 saturation Flag 3 (CC 0.83, CI 0.27 to 0.97), confusion (CC 0.81, CI 0.63 to 0.91),

any sign Flag 3 (CC 0.80, CI 0.42 to 0.94), and co-amoxiclav (CC 0.79, CI 0.24 to 0.96).

The strongest negative CCs were observed for amoxicillin (CC -0.74, CI -0.89 to -0.47),

any antibiotic (CC -0.64, CI -0.88 to -0.16), PR Flag 1 (CC -0.59, CI -0.77 to -0.33),

doxycycline (CC -0.58, CI -0.86 to -0.33), any sign Flag 1 (CC -0.45, CI -0.70 to -0.10),

and prednisolone (CC -0.42, CI -0.61 to -0.16).
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Figure 5.12: Forest plot showing relationship between severity indicators and composite
outcome of hospitalisation, complications, ICU admission or death

Severity marker ranking: all strata

For suspected COVID-19 during the pandemic, a total of 21 non-unique severity mark-

ers were included after filtering (described in Section 5.3.8) (some appear in multiple

strata). These comprised 10 symptoms, 5 health care utilisation indicators, 2 clinical sign

flags, 2 investigations, and 2 prescriptions. Across both age strata, there were 14 unique
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severity markers: 6 symptoms, 3 health care utilisation indicators, 2 clinical sign flags, 2

investigations, and 1 prescription.

Suspected COVID-19: After applying the relevant filters, 11 severity indicators remained

for suspected COVID-19 in adults aged 65 years and older (Table 5.14). These comprised:

2 sign threshold markers (O2 saturation Flag 3 and any sign Flag 3), 5 symptoms (con-

fusion, malaise, fever, dyspnoea, and ‘any symptom’), 2 health care utilisation indicators

(ambulance and NHS 111), 1 investigation (CRP), and 1 prescription (co-amoxiclav). The

top 5 ranked indicators by GM were ambulance (GM 7.17, SNR 4.85), O2 saturation Flag

3 (GM 6.27, SNR 2.85), any sign Flag 3 (GM 6.13, SNR 3.36), confusion (GM 6.09, SNR

1.93), and NHS 111 (GM 4.60, SNR 7.51).

Table 5.14: Top indicators for pandemic suspected COVID

Predictor OR (95% CI) CC (95% CI) SNR GM Rank

65+ yrs

Ambulance 9.84 (9.21–10.52) 0.79 (0.49–0.92) 4.85 7.17 1

O2 sats Flag 3 6.83 (6.25–7.47) 0.83 (0.27–0.97) 2.85 6.27 2

Any sign Flag 3 6.90 (6.44–7.40) 0.80 (0.42–0.94) 3.36 6.13 3

Confusion 6.64 (5.74–7.67) 0.81 (0.63–0.91) 1.93 6.09 4

NHS 111 3.73 (3.53–3.95) 0.78 (0.40–0.93) 7.51 4.60 5

CRP 3.89 (3.59–4.21) 0.72 (0.42–0.88) 1.79 4.41 6

Malaise 2.16 (1.95–2.39) 0.88 (0.69–0.96) 6.77 3.97 7

Co-amoxiclav 2.15 (2.01–2.31) 0.79 (0.24–0.96) 3.73 3.69 8

Fever 1.90 (1.70–2.13) 0.79 (0.54–0.91) 20.00 3.51 9

Any symptom 1.87 (1.79–1.94) 0.76 (0.48–0.90) 20.09 3.39 10

Dyspnoea 1.59 (1.52–1.67) 0.64 (0.27–0.85) 14.59 2.83 11

15–64 yrs

Hosp referral 16.84 (14.19–19.97) 0.81 (0.64–0.91) 1.11 9.50 1

Ambulance 10.59 (9.88–11.36) 0.82 (0.65–0.92) 9.93 7.67 2

NHS 111 3.71 (3.57–3.85) 0.75 (0.50–0.88) 16.94 4.44 3

Haemoptysis 3.51 (2.89–4.28) 0.72 (0.43–0.87) 1.71 4.22 4

Dyspnoea 2.50 (2.38–2.62) 0.80 (0.59–0.91) 34.94 3.95 5

Continued on next page
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Table 5.14: Top indicators for pandemic suspected COVID (continued)

Predictor OR (95% CI) CC (95% CI) SNR GM Rank

Co-amoxiclav 2.08 (1.93–2.24) 0.84 (0.45–0.96) 6.74 3.80 6

Any symptom 2.16 (2.08–2.25) 0.79 (0.52–0.91) 45.73 3.68 7

Malaise 1.69 (1.55–1.85) 0.79 (0.42–0.94) 10.38 3.37 8

CXR request 3.60 (3.41–3.79) 0.49 (0.00–0.79) 6.80 3.15 9

Fever 1.70 (1.58–1.83) 0.71 (0.32–0.89) 35.31 3.12 10

Notes: The geometric mean is calculated from the scaled OR and CC. SNR:

signal-to-noise ratio, GM: geometric mean, O2 sats: oxygen saturation, CRP: C-reactive

protein, CXR: chest X-ray.

After applying the relevant filters, 10 severity indicators remained for suspected COVID

in adults aged 15–64 years during the pandemic period (Table 5.14). These comprised: 5

symptoms (haemoptysis, dyspnoea, malaise, fever, and the any symptom), 3 health care

utilisation indicators (hospital referral, ambulance, and NHS 111), 1 investigation (CXR

request), and 1 prescription (co-amoxiclav). The top 5 ranked indicators by GM were

hospital referral (GM 9.50, SNR 1.11), ambulance (GM 7.67, SNR 9.93), NHS 111 (GM

4.44, SNR 16.94), haemoptysis (GM 4.22, SNR 1.71), and dyspnoea (GM 3.95, SNR

34.94).

Figure 5.13 shows an example severity indicator and its comparison with the composite

outcome. The top panel shows how the proportion of cases with oxygen saturation Flag

3 changes in Period 3 (the pandemic period). The lower panel shows how the proportion

of cases with the outcome varies over time. Peaks in both indicator and outcome are

broadly aligned and are consistent with peaks in severity associated with differing waves

of COVID-19 caused by the variants marked in the figure by the red arrows.
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Figure 5.13: Example indicator: Pandemic. TOP PANEL: Weekly proportion of cases of
suspected COVID in over 65 year olds for whom the oxygen saturation (sats) Flag 3 (less than

92%) was present. BOTTOM PANEL: weekly proportion of the same cases with the composite
outcome recorded. Arrows on bottom panel indicate waves of COVID infection, labels indicate

the dominant variant at that time. Original: Wuhan, ’wild’ type

5.4.4 Comparison of non-pandemic and pandemic indicators

Geometric means of indicators that were retained for suspected COVID in the pandemic

period were on average higher than those observed for non-pandemic respiratory infec-

tions. The median GM for suspected COVID in the pandemic was 3.97 (IQR 3.51–6.09),

compared with 3.21 (IQR 2.77–3.65) for non-pandemic LRTI-ECLD and 2.91 (IQR

2.83–2.94) for non-pandemic URTI (Table 5.15). This suggests, in general, that indicators

during the pandemic had a stronger association with outcome.
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Table 5.15: Summary of GM and SNR by ARI subtype

ARI subtype GM (median [LQ–UQ]) SNR (median [LQ–UQ])

LRTI-ECLD 3.21 (2.77–3.65) 2.53 (1.48–3.95)

URTI 2.91 (2.83–2.94) 2.37 (1.79–3.44)

suspected COVID 3.97 (3.51–6.09) 6.80 (3.36–16.94)

Notes: Values represent geometric means for severity markers that passed filtering. ARI:

acute respiratory infection, IQR: inter-quartile range, Min: minimum, Max: maximum,

URTI: upper respiratory tract infection, LRTI: lower respiratory tract infection, ECLD:

exacerbation of chronic lung disease. GM: geometric mean, SNR: signal to noise ratio.

LQ: lower quartile, UQ: upper quartile.

The SNRs of indicators that were retained for suspected COVID-19 were also on average

higher than those observed for non-pandemic URTI and LRTI. The median SNR for sus-

pected COVID-19 in the pandemic was 6.80 (IQR 3.36–16.94), compared with 2.53 (IQR

1.48–3.95) for non-pandemic LRTI-ECLD and 2.37 (IQR 1.79–3.44) for non-pandemic

URTI (Table 5.15). This suggests, in general, that the signal strength of indicators during

the pandemic was greater than for non-pandemic respiratory infections.

Table 5.16 summarises severity indicators performance across all strata. The ordering

is based primarily on the number of strata in which each indicator met the predefined

significance and correlation thresholds (as detailed in Section 5.3.8), and secondarily on

the average geometric mean (GM) observed across those strata. Notably, ‘Any symptom’

(including malaise, dyspnoea, haemoptysis, fever and confusion) was retained in five of

the eleven strata.
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Table 5.16: Geometric mean values of predictors by all strata, ordered by frequency and average
GM.

Predictor Non-pandemic Pandemic Count Avg GM

URTI LRTI-ECLD Suspected COVID

<15 15–64 15–64 65+ 15–64 65+

Any symptom — 2.65 2.60 2.83 3.68 3.39 5 3.03

Dyspnoea — — 2.65 2.67 3.95 2.83 4 3.03
Co-amoxiclav — 2.93 3.17 — 3.80 3.69 4 3.40

BP Flag 2 — 2.77 3.62 4.48 — — 3 3.62
BP Flag 1 — 2.91 3.40 4.23 — — 3 3.51
Malaise — 2.94 — — 3.37 3.97 3 3.43
CXR request — — 3.16 2.54 3.15 — 3 2.95

O2 sats Flag 2 — — 4.45 3.76 — — 2 4.11
CRP — — 3.37 — — 4.41 2 3.89
O2 sats Flag 1 — — 3.38 3.26 — — 2 3.32
Fever — — — — 3.12 3.51 2 3.32
Prednisolone 2.90 — 2.93 — — — 2 2.92
Ambulance — — — — 7.67 7.17 2 7.42
NHS 111 — — — — 4.44 4.60 2 4.52

Hospital referral — — — — 9.50 — 1 9.50
O2 sats Flag 3 — — — — — 6.27 1 6.27
Any sign Flag 3 — — — — — 6.13 1 6.13
Confusion — — — — — 6.09 1 6.09
Chest signs 4.23 — — — — — 1 4.23
Haemoptysis — — — — 4.22 — 1 4.22
Any sign Flag 2 — — — 3.82 — — 1 3.82
Any sign Flag 1 — — — 2.80 — — 1 2.80

Only six severity indicators were retained in both pandemic and non-pandemic strata:

Any symptom (GM=3.03), Dyspnoea (GM=3.03), Co-amoxiclav (GM=3.40), Malaise

(GM=3.43), CXR request (GM=2.95), and C-reactive protein (GM=3.89). Oxygen sat-

uration flags also appeared in both contexts but at different levels: Flags 1 and 2 were

observed in non-pandemic LRTI-ECLD (15–64 years and ≥65 years), while Flag 3 was

prominent in suspected COVID during the pandemic. The average GM for oxygen satura-

169



Chapter 5

tion markers (Flag 1 = 3.32, Flag 2 = 4.11, Flag 3 = 6.27) was notably higher than for the

other six severity markers occurring in both pandemic and non-pandemic strata.

The indicators with the highest GMs generally did not appear in both pandemic and non-

pandemic periods. For example, Hospital referral (GM=9.50), Ambulance (GM=7.42),

and Oxygen saturation Flag 3 (GM=6.27) occurred only in the pandemic strata, whereas

Chest signs (GM=4.23) and Oxygen saturation Flag 2 (GM=4.11) were limited to the

non-pandemic period.

5.5 DISCUSSION

5.5.1 Summary of main findings

In this chapter, I used primary care data from the ORCHID to evaluate the severity

markers identified earlier in this DPhil. I examined whether markers recorded at or near

the time of ARI presentation were associated with subsequent severe outcomes, and I

ranked predictors by the combined strength of their individual-level and weekly aggregate

associations with these outcomes.

I identified four main findings in this chapter. (1) Several predictors showed potential

to serve as timely severity indicators for ARI surveillance. The composition of these

indicators differed between the pandemic and non-pandemic periods: clinical signs such

as blood pressure dominated the non-pandemic period, whereas symptoms and health-

care utilisation markers were more prominent during the pandemic. (2) Some indicators,

including symptoms, and some grouped sign thresholds and oxygen saturation were con-

sistent across both periods. (3) After filtering (described in Section 5.3.8), no severity

indicators remained for ILI in any age group, for URTI among those aged 65 years and

over, and only one for LRTI in children under 15 years of age. (4) Outcome severity during

the non-pandemic period peaked in summer rather than winter, an unexpected finding that

may reflect environmental, patient, pathogen, or health-system factors.
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5.5.2 Results in context

Previous studies

To the best of my knowledge, this study is the first to comprehensively assess candi-

date severity indicators as alternatives to the CHR and CFR for ARI surveillance. The

identification of timely, primary care–based indicators could help overcome many of the

challenges associated with these traditional measures. Use of such indicators would rep-

resent a substantial departure from previous surveillance practice, including that outlined

in the WHO’s PISA framework [23]. Relevant prior work falls into two main strands:

clinical prediction models and other surveillance studies.

Primary care–based studies have shown that a number of clinical parameters can predict

severe outcomes to some extent. These include RECAP [144], GRACE [145], and STAR-

WAVe [146], which reported predictors of adverse outcomes including breathlessness,

low oxygen saturation, diastolic blood pressure, crackles on auscultation, sputum severity,

short illness duration (≤ 3 days), vomiting, fever, clinician-observed subcostal recession,

and wheeze [144–146]. Many of these parameters were also identified in the individual-

level analysis of my study. These studies, however, are clinical models and therefore didn’t

assess aggregate-level association.

Some surveillance studies have undertaken aggregate-level analysis of primary care data,

but these have tended to examine whether primary care ARI or COVID-19 incidence can

act as early indicators of subsequent surges in hospitalisations or ICU attendance. The

underlying rationale is that viral respiratory infections such as influenza can predispose

individuals to secondary bacterial infections and complications, or exacerbate chronic

lung disease, leading to more severe outcomes. Some studies indicate ILI consultations

lead hospital admissions by approximately two weeks, supporting the potential of primary

care data as an early warning signal for severe respiratory disease [147, 148]. Similarly,

the CDC’s FluSight programme publishes forecasts of influenza hospital admissions using

multiple models. Because these approaches use population-level denominators rather than

ARI case denominators, it is not possible to know whether surges in hospitalisations result
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from an increase in severity or an increase in incidence. This is where severity indicators

could add additional value.

Candidate indicators

The candidate indicators identified for the non-pandemic period for LRTI-ECLD were

dominated by clinical signs flags. These included blood pressure, oxygen saturation and

also ’any sign’ flags. The pulse rate and respiratory rate flags did not appear, as none of

these were associated with outcomes at the aggregate level. Although temperature flags

were associated at the individual-level, they were negatively associated at the aggregate

level. This could be because larger volumes of milder febrile infections occur in the winter.

Indicators based on clinical signs are appealing because they are objective and are com-

monly recorded at the time of the consultation, meaning they are likely to be particularly

timely. ‘Any sign’ flags are a particularly attractive option as they consider multiple signs

which increases robustness to reduced data recording and is supported by validation stud-

ies of the NEWS2 score. Because clinical signs are based on standardised measurement

and widely used thresholds, they are less susceptible to variation in patient reporting,

clinician interpretation, or cultural and language factors. This makes ‘any sign’-based

indicators less vulnerable to missingness or measurement error in any one sign, and more

resilient to variation in recording practice. However, sign-based indicators performed less

well during the pandemic, reflecting the reduced recording of the signs rather than their

intrinsic association with severe disease. Innovation to allow primary care practitioners to

assess clinical signs during remote consultations could help support use of clinical signs

during future pandemics.

During the pandemic, the indicators were more heterogeneous, but included significantly

more symptoms including: confusion, malaise, fever, any symptom and dyspnoea. Ad-

ditionally, health care utilisation indicators were highly ranked including: ambulance,

NHS 111 and emergency hospital referral indicators. Recording of health care utilisation

indicators increased substantially compared to the non-pandemic assessment, increasing
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from 1.5% to 4.1% for NHS 111 and 1.5% to 3% for ambulance encounters. The reduced

number of clinical signs and increased symptoms probably reflects the shift to remote con-

sulting, where clinical signs were not easily assessed and there was an increased reliance

on the subjective patient history such as symptoms. Health care utilisation indicators also

reflects the dramatic shift in how health services were accessed during that time.

Pandemic severity indicators generally had higher SNR and GMs than those observed in

the non-pandemic period. Part of this difference may reflect the aggregation of all ARI

subtypes into a single suspected COVID-19 category, which increased the total number

of cases per unit time and thereby reduced random variability, leading to higher and

more stable SNR values. The higher GMs may indicate stronger overall associations with

severe outcomes. This likely reflects both the intrinsically greater severity of COVID-19

compared with most non-pandemic respiratory infections, and the clearer clinical and

coding signals during the pandemic.

This contrasts with ILI, for which no indicators survived the filtering process. Part of the

challenge with ILI is that it is a surveillance-specific construct rather than a widely used

clinical term. Moreover, ILI episodes are generally less common than broader categories

such as URTI or LRTI, reducing the statistical power to detect associations. The smaller

number of cases also increases variability, leading to lower SNR values. As ILI has

historically been an important surveillance category, this is a notable limitation; however,

it does not preclude the use of severity indicators identified in other ARI subtypes in

future pilots. Similarly, fewer severity indicators met the filtering criteria for URTI, likely

reflecting the intrinsically milder nature of URTIs and their weaker association with severe

outcomes.

Some indicators occurred across multiple strata and were present in both pandemic and

non-pandemic periods. However, these were generally not the indicators with the highest

GMs. For example, ‘Any symptom’ appeared in five strata with an average GM of 3.03, and

Dyspnoea and Co-amoxiclav were observed in four strata each with average GMs of 3.03

and 3.40, respectively. Similarly, Malaise (GM=3.43) and CXR request (GM=2.95) were
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identified in both periods, whereas indicators with higher average GMs, such as Hospital

referral (GM=9.50), Ambulance (GM=7.42), and Oxygen saturation Flag 3 (GM=6.27),

were only seen during the pandemic. These cross-period indicators therefore appear

resilient to changes in healthcare practice, including increased remote consulting, but

were in general less strongly associated with the outcome.

Timing of severity peaks

One of the more surprising findings of this study was that outcome severity typically

peaked during the summer months in the non-pandemic period (Figure 5.10). This is in

contrast to the incidence of ARI that is known to peak during the winter. There are a

number of plausible explanations for this, including environmental, patient, pathogen and

health-system factors.

Environmental: Some studies, including one from Spain in 2023, showed a similar summer

peak in outcomes among hospitalised patients with respiratory disease and attributed this

to high ambient temperatures during that time of year [149, 150]. Heatwaves in the UK

are associated with excess mortality and increased hospitalisations but further work is

required to establish this link more robustly [151, 152]. Patient factors: Firstly, although

there are fewer infections in the summer, those that do occur could be disproportionately in

high-risk groups such as those with chronic lung disease and older populations. Therefore

fewer infections occur but with worse outcomes. Health seeking behaviours are also

known to vary throughout the year, for example, people tend to have a higher threshold for

seeking healthcare over Christmas, this may also be the case during the summer holidays.

Therefore those that do attend primary care tend to be more unwell. Pathogen: The

pathogen mix in summer may also have an impact, with low levels of circulating viruses

compared to bacteria that may cause a greater proportion of infections and result in worse

outcomes. Health-system factors: Factors that may contribute to this summer peak are

seasonal variations in admission thresholds. In the winter, due to pressure on the health

service the threshold for admission may be higher reducing the proportion of cases overall

that go on to be hospitalised [153]. Finally workload pressures during winter in primary

174



Chapter 5

care may also dictate the extent to which outcomes are recorded in primary care [154]. It

is conceivable that in the winter months when primary care is at its busiest, less time is

dedicated to clinical coding. This may underestimate severity at this time.

Severity indicators should therefore be interpreted alongside incidence, as high severity

during periods of low incidence may not translate into substantial health system burden.

Defining seasonal baselines or thresholds for severity indicators, similar to those used for

incidence, may therefore support more meaningful interpretation across the year.

In contrast, during the pandemic, peaks in severe outcomes aligned with SARS-CoV-

2 waves (Figure 5.13). This in part reflects the fact that other viruses were relatively

suppressed as a consequence of reduced social mixing. This results in a cleaner severity

signal during the pandemic. The highest peak in severity occurred during the initial ‘wild

type’ wave in April 2020 where outcomes occurred in nearly 30% of all ARI cases in

over 65-year-olds. This is closely followed by the peak in early January 2021 caused by

the Alpha variant where outcomes occurred in around 25% of all cases. Small peaks in

severity also occurred with the Delta and Omicron variants. The order of these peaks is

generally supported by evidence where it is clear the first two waves were the most severe,

and later waves in general diminished in severity as population immunity and vaccination

programmes were instituted [155]. It is important to point out that comparing severity by

wave is challenging due to the evolving testing, management and immunisation practices.

5.5.3 Limitations

Syndromic surveillance: The identification of summer peaks in severity during the non-

pandemic period highlights a key limitation of syndromic rather than pathogen specific

surveillance. Without virological confirmation, we do not know which pathogen causes a

given ARI, and the circulating mix of pathogens will likely shape severity. For example,

if respiratory viruses circulate less in summer, a larger share of presentations may be

bacterial pneumonias in higher risk individuals, which could drive higher severity despite

lower overall incidence. However, irrespective of the pathogen mix, these signals still tell
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us how often people with ARIs progress to severe outcomes. As noted earlier, defining

severity thresholds or seasonal baselines would support interpretation at different times

of year. A rise above the expected level in winter may have a greater impact on health

services because more infections are occurring, even if the absolute value of the severity

indicator is lower than the summer peak.

Further analysis of the factors that influence the timing of severity peaks would help our

understanding of severity indicator values. In particular, relating peak timing to case mix

(for example, age and risk group) and to pathogen mix (dominant circulating pathogens)

in each period can clarify drivers of severity in syndromic surveillance and improve

interpretation of indicator values over time.

Pandemic based indicators: A number of potential severity indicators were identified

during the pandemic period, but there is no guarantee they would be suitable in a future

emergency. That period was dominated by a single pathogen, and the severity peaks we

observed aligned with waves of SARS-CoV-2. A future event may involve a different

pathogen with different symptoms and may have a different impact on care pathways.

These shifts could change which indicators are most informative and how consistently

they are captured.

This highlights the importance of innovation to identify objective clinical signs that con-

tinue to flag individuals at risk of severe outcomes, and to enable measurement of clinical

signs in the home setting. In the short term, to improve resilience and preparedness, it

would be sensible to define a compact panel that goes beyond clinical signs alone, com-

bining a small set of reliable symptoms and measures of health care use, and to reassess

performance as conditions change. However in the future emerging consumer technolo-

gies, such as home pulse oximeters and wearable devices capable of monitoring clinical

signs, may help maintain the data quality of clinical sign data during remote consulting.

Methodological approach: Surveillance is, by definition, prospective and ongoing. In

this analysis I used retrospective data to evaluate candidate severity indicators. Findings
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may not fully bear out in a prospective setting, because some information is added to

clinical records after the initial consultation. Retrospective and prospective data therefore

are unlikely to be identical. A prospective pilot is needed to assess real-time recording,

timeliness, and validity of the indicators under operational conditions.

Such a pilot should include the severe outcomes used here and, in parallel, a core set

of clinical signs, a small number of symptoms, and measures of health care use. This

would allow assessment of the timeliness and completeness of each predictor relative to

the occurrence of severe outcomes, and help refine the structure and thresholds of the

surveillance indicators before scaling up.

A number of potential sensitivity analyses could be considered as part of an additional

validation step. These could include assessing associations with outcomes using different

time windows to the event; for example, rather than using 56 days, periods of 28 or 14

days could be tested. Another approach could involve assessing the inclusion of predictors

that occurred only on the same day as the ARI event. Furthermore, alternative cut offs

for clinical signs could be evaluated to test the robustness of associations. Because of the

underlying data structure, undertaking these analyses is likely to be challenging.

5.5.4 Summary

For this study I undertook a comprehensive evaluation of the candidate severity indicators

identified in earlier chapters. I used a novel ranking framework to prioritise those with

the strongest association with severe outcomes. The analysis indicates that a compact

set of indicators centred on objective clinical signs, complemented by a small number of

symptoms and health care utilisation measures, could form the basis of a practical, timely

severity indicator set. This approach is likely to be more robust to increases in remote

consulting as occurred during the pandemic. However, innovations in how clinical signs

are recorded during telephone and video consultations are likely to be required to improve

data quality and optimise preparedness for future pandemics. Finally, defining baselines

or thresholds for severity indicators could be a practical way to interpret indicator values
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given their highly seasonal nature. In the final chapter of my DPhil, I describe a clear and

actionable path from retrospective analysis to prospective, timely severity surveillance for

ARIs.
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Final discussion

6.1 INTRODUCTION

In the final section of this thesis, I summarise the work that has been undertaken and

the main findings in relation to the original objectives. I also discuss the implications

for surveillance and for the wider public, focusing on three principal themes: epidemic

and pandemic preparedness, data quality and timeliness, and innovation and technology.

Specifically, how epidemic and pandemic preparedness is a central aim of CMR-based

surveillance, but it is limited by issues of data quality. Innovation is required to overcome

these challenges and unlock its full potential for public health benefit. I go on to critically

reflect on the strengths and weaknesses of the methodological approaches used in this

DPhil. I then set out the critical next steps in the development of primary care CMR-based

severity indicators for ARIs. Finally, I round off the chapter with a closing summary.

The work undertaken in this DPhil aimed to support timely public health surveillance of

ARIs through the development and evaluation of severity indicators derived from primary

care CMRs. Specifically, the work sought to complement incidence figures with reliable,

timely markers of severity and to strengthen readiness for both seasonal and pandemic

threats.

Primary care data were used to address challenges that limit severity reporting from other

sources, namely a lack of timeliness, small sample sizes, and case ascertainment bias

[23, 28–31]. The work was structured into four main chapters, each addressing a distinct

objective:
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1. Develop and validate a digital phenotyping algorithm to identify cases of ARI from

primary care CMRs.

2. Identify candidate markers of severity present in primary care CMRs.

3. Assess the data quality of these markers, including recording rates and temporal

dynamics.

4. Evaluate the identified markers at the individual level and at the weekly aggregate

level to determine the severity indicators with the greatest potential for prospective

surveillance.

6.2 SUMMARY MAIN FINDINGS

This section concisely presents the core outputs of the DPhil across its four main chapters.

It highlights what was done, the main findings and brief implications for surveillance

practice including the surveillance challenges that have been addressed.

6.2.1 Chapter 2: Case identification

What was done: Development and validation of an ARI digital phenotyping algorithm

for primary care CMR-based surveillance. I used the SNOMED polyhierarchy with

Expression Constraint Language to create clear, rule based intensional code lists. ARI

case detection forms the foundation of severity indicator development.

Main findings: Increased ARI case detection and accuracy by including symptom codes,

ECLDs, and ARI-NOS, and excluding chronic disease codes. Creation of a shareable and

transparent algorithm.

Brief implications: Increased case detection sensitivity helps to address the issue of small

sample sizes. Measuring severity in a broader range of cases may also help reduce case

ascertainment bias. Greater case identification reduces incidence and severity indicator

volatility providing clearer signals and enhanced outbreak detection. Taken together this
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new PhA contributes to enhanced epidemic and pandemic preparedness. The algorithm is

peer reviewed, openly available, and integrated into the RSC workflow informing UKHSA,

ECDC, and WHO reporting.

6.2.2 Chapter 3: Candidate severity markers

What was done: A systematic review to identify candidate severity markers suitable

for primary care surveillance. Severity markers were grouped into severe outcomes

(for example hospital attendance, admission, ICU admission, complications, death) and

predictors of severe outcomes (for example symptoms, clinical signs, treatments, health

care utilisation).

Main findings: Thirty severity markers were identified: 7 severe outcomes and 23

predictors of severe outcomes. Severe outcomes are less timely and are often recorded

with a delay due to reliance on hospital discharge summaries. These served as the outcome

in the later evaluation. Predictors are more likely to be recorded at or near the index ARI

consultation and therefore can provide timelier estimates of severity. These formed the

candidate set tested against the outcome.

Brief implications: A set of candidate severity markers including possible outcomes and

timely predictors for testing in subsequent sections of this DPhil was defined. This work

has been peer reviewed and published and can also be used by others considering defining

severity indicators in different surveillance settings. This helps to address the challenge

of timeliness of severity indicators for ARI.

6.2.3 Chapter 4: Data quality of severity markers

What was done: A data quality assessment using a large CMR repository based at the

RSC focusing on the completeness of recording and temporal dynamics of severity marker

recording.

Main findings: Clinical sign recording was initially low but rose to about 55 percent of
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ARI presentations in the post-pandemic period. Recording was more likely when perceived

severity or risk was higher, which means sign-based indicators may overestimate severity.

During the COVID-19 pandemic, sign recording fell from 47 percent to 29 percent and

symptom recording rose from 4 percent to 7 percent.

Brief implications: Completeness of recording varies by ARI subtype, age, and risk

status, so indicators should account for this. Indicators can become vulnerable to failure

when recording practices change, particularly during pandemics, and sign-based indicators

may overestimate severity in the primary care population. The work helps quantify known

issues of data quality which can act as a catalyst for innovation to improve data quality and

thereby support provision of more complete and accurate intelligence to UKHSA.

6.2.4 Chapter 5: Evaluation of markers

What was done: A stratified individual and aggregate-level analyses assessing the asso-

ciation between predictors and severe outcomes were performed in order to rank severity

indicators according to association with outcomes.

Main findings: I identified four main findings in this chapter. (1) Several predictors

showed potential as timely severity indicators, with clinical signs being most important in

the non-pandemic period and symptoms and health care utilisation markers being more

prominent during the pandemic. (2) A small set of indicators, particularly symptoms,

grouped sign thresholds and oxygen saturation, were consistent across both periods. (3)

No indicators were retained for ILI, none for URTI in older adults and only one for LRTI-

ECLD in children. (4) Severity in the non-pandemic period peaked in summer rather than

winter, likely reflecting environmental, patient, pathogen or health system factors.

Brief implications: Severity indicators derived from the primary care CMR have potential

to support timely surveillance of ARIs. The optimal indicators differ between pandemic

and non-pandemic periods, in part, because of changes in data quality that occurred during

the pandemic. Some were consistent across both periods. A set of symptom, clinical sign
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and health care utilisation-based severity indicators could form the basis of a set for further

prospective evaluation.

6.2.5 Overall contribution

Primary care CMR based severity indicators have potential to enhance surveillance of

ARIs through data driven resource planning and public health decision making, thus

contributing to epidemic and pandemic preparedness. Further prospective piloting work

and innovation is required to improve data quality and operationalise these indicators.

6.3 IMPLICATIONS OF FINDINGS

In this section, I interpret the findings of the DPhil with particular consideration of three

recurrent themes: epidemic and pandemic preparedness, data quality, and innovation and

technology. I also relate the findings to the challenges that motivated this work, specifically

timeliness, small sample sizes, and case ascertainment bias.

6.3.1 Integrated surveillance: defining ARI for a post-pandemic context

The new ARI digital phenotyping algorithm provides a machine-processable, flexible, and

transparent approach to case definition that supports integrated ARI surveillance [44]. It

enables automated identification of ARI episodes from routinely collected primary care

CMRs using a single rule-based algorithm built on SNOMED’s ECL. This replaces the

legacy system of multiple syndrome-specific algorithms with a coherent phenotype that

captures the full range of clinical presentations associated with respiratory viruses and

bacteria. In line with open science, it is published and shared, and is now integrated into

the RSC surveillance workflow reports to UKHSA, ECDC, and WHO. It also defined the

ARI cohort used throughout this DPhil.

Although unified, the algorithm retains the ability to consider syndromes separately and

maintains historically important indicators. Continuity of the ILI indicator remains valu-
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able, as it has traditionally served as an influenza-specific measure because of its higher

specificity for laboratory confirmed influenza infection [156]. However, this distinction is

evolving, as COVID-19 often presents with a clinical picture similar to influenza [157].

Incidence and severity estimates in populations with small sample sizes can be noisy,

which makes early detection of meaningful signals challenging [158]. The new algorithm

increases case detection through inclusion of relevant symptoms and ECLDs, which can

reduce noise in incidence signals and increases confidence when interpreting changes

[44]. It also indirectly reduces noise in severity indicators because a larger denominator

yields more severe events. Together, these changes make the system more sensitive to

small temporal shifts and support more timely identification of abnormal signals. Taken

together, reduced signal noise and increased syndrome breadth strengthen epidemic and

pandemic preparedness by enabling earlier and more reliable detection of threats from

respiratory pathogens.

This framework is well suited to the post-pandemic landscape, where epidemic and pan-

demic prone respiratory viruses such as SARS-CoV-2 variants can vary substantially in

their clinical characteristics [159]. Within the context of this DPhil, the integrated ap-

proach allows severity to be assessed across ARI subtypes. Some syndromes map more

closely to certain pathogens, for example ILI has historically been more specific for in-

fluenza, and bronchiolitis for RSV in young children [156, 160]. However, presentations

remain highly variable. Individuals infected with different pathogens may exhibit similar

symptom patterns, and the same pathogen result in varied presentations in differing indi-

viduals. This underscores the importance of viewing primary care CMR-based syndromic

surveillance as one component within a broader system that also includes laboratory and

hospital-based surveillance.

6.3.2 Data quality

Data quality is central to the reliability of any surveillance system and determines the

extent to which changes in indicator signals reflect true variation in disease severity rather
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than artefacts of recording practice [161]. The analyses in this work highlight that the

completeness of recording varies by indicator type, age, and ARI subtype. Clinical sign

recording, for example, has increased substantially over time but remains incomplete, with

approximately half of all ARI presentations now including at least one recorded sign.

Recording is also non-random, being more likely when clinicians perceive greater severity

or risk. Whilst assessment of severity in primary care can reduce case ascertainment bias

compared with hospital-based measures, bias in the recording of clinical signs may still

lead to overestimation of severity in the primary care population.

During the COVID-19 pandemic, the quality of clinical data changed markedly. Recording

of signs fell from 47 percent before the pandemic to 29 percent during it, while symptom

recording increased from 4 to 7 percent. This almost certainly reflects the shift toward

remote consulting, which reduced opportunities to measure vital signs directly. Con-

sequently, fewer clinical sign-based indicators were ranked highly during the pandemic.

This is not because they were intrinsically unassociated with the outcomes, but because

they were under-recorded. Understanding and accounting for such patterns is essential

when interpreting apparent changes in indicator performance across differing contexts. It

should be noted that CMR data quality issues during the pandemic were not limited to

primary care [162] having also been noted in hospital settings as well.

Maintaining data quality during times of operational disruption requires proactive com-

munication and coordination between stakeholders, including clinicians, data engineers,

informaticians, and public health authorities [163]. Early dialogue at the onset of a public

health emergency can ensure that updates to clinical systems, terminology sets such as

SNOMED, and the phenotyping algorithms themselves are made rapidly and consistently

across platforms. This multidisciplinary communication is essential for maintaining the

resilience of the surveillance infrastructure and ensuring that changes in clinical practice do

not compromise the performance of surveillance indicators. As we work towards greater

epidemic and pandemic preparedness, this coordination becomes even more important, as

reliable indicators are most needed when the risk of signal failure is greatest. Sustained
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innovation will also be critical to strengthening data quality and preventing such failures

in the future.

6.3.3 Indicator selection

Severe outcomes and their predictors

The severity indicators used in this work were classified into two groups: concrete severe

outcomes that are reported with delay, such as hospitalisation and death, and timely

predictors that are typically available at the time of diagnosis and are associated with

severe outcomes. Whilst this DPhil has aimed to identify timely indicators, both severe

outcomes and predictors have value.

Severe outcomes can serve as retrospective measures of severity, for example, in end

of season reports and vaccine effectiveness studies where timeliness is less critical [12].

Predictors, on the other hand, are likely to be more valuable as early warnings of increased

severity in prospective, near real-time surveillance systems. These therefore have potential

to influence the public health response to emerging threats. Together, severe outcomes and

their predictors add value to surveillance systems and both should be considered important

in any future work in this field.

Innovation should also play a key role in the future development of severity indicators.

For example, making hospitalisation and death data more readily available would allow

concrete outcomes to become more timely predictors. If primary and secondary care

systems were better linked, an automated hospital admission record could be embedded

in the primary care CMR at the point of admission, helping to reduce reporting delays.

However, even if this were achieved, it would not overcome the inevitable delay between

a primary care encounter and a subsequent hospital admission. Predictors of severe

outcomes would therefore continue to be the most timely severity indicators.
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Choice of specific indicators

Twenty-two indicators were retained after filtering out those not associated with the out-

come and those that had high volatility. Identifying which of these indicators would be the

most robust to carry forward was challenging, because they behaved differently in different

strata and in the pandemic and non-pandemic periods. Indicators present in multiple strata

have potential to be more flexible. For example, ‘Any symptom’ was retained in five strata

in both the pandemic and non-pandemic periods. This could therefore serve as a flexible

severity indicator across contexts.

In the non-pandemic strata numeric clinical signs were, in general, the highest ranked

indicators. This included blood pressure and oxygen saturation thresholds, as well as a

composite sign threshold that considered blood pressure, pulse rate, respiratory rate, and

temperature using cut offs based on the NEWS2 score [84]. Oxygen saturation Flags was

the only clinical sign that appeared in both pandemic and non-pandemic periods, albeit at

different NEWS2 levels.

Clinical signs are attractive indicators because they are standard measures used to assess

and communicate the severity of acute illness. They are objective, and there is substantial

evidence that they predict adverse outcomes at the patient level [84]. Their completeness

can also be measured directly, which facilitates routine monitoring of data quality. Most

importantly, because clinical signs are often recorded at the time of an ARI consultation,

they offer a practical way to address the timeliness challenge that motivated this DPhil.

Symptoms and healthcare utilisation markers ranked more highly in the pandemic analyses.

Prioritising these non-sign indicators could make severity surveillance more resilient to

recording changes driven by remote consulting. Although health care utilisation markers

were not retained in the non-pandemic analysis this could reflect the relatively small

amount of post-pandemic data available in the study and the recording quality of these

could have now increased in the aftermath of the pandemic. Future piloting work should

retain these indicators to allow continued monitoring of their suitability in non-pandemic

contexts.
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With respect to other predictor groups, co-amoxiclav and prednisolone were the only

treatments retained, with co-amoxiclav appearing in four strata (both pandemic and non-

pandemic) and prednisolone in two strata. Chest X-ray request and CRP request were also

retained in the investigation group.

Co-amoxiclav is not a first line antibiotic for the treatment of ARIs in primary care,

therefore, its prescribing is likely to occur in higher risk cases or in those that have not

responded to first line antibiotics. Interestingly, other antibiotics (particularly amoxicillin

and doxycycline) were often negatively associated with the outcome at both the individual

and aggregate levels. The reasons for this are not entirely clear but may reflect the

effectiveness of these antibiotics in preventing adverse outcomes or, alternatively, relate

to over prescribing in milder cases.

The retention of prednisolone in younger age groups may reflect that these individuals

often have existing asthma, which could increase their likelihood of hospital admission

during an ARI episode. Although investigation requests are somewhat more timely than

severe outcomes, they are slightly less appealing as indicators because they are unlikely

to occur at the exact point of contact with a healthcare professional due to short delays in

receiving results.

Notably, no severity indicators were retained in five of the eleven strata, including all ILI

age bands, URTI in adults aged over 65 years, and LRTI-ECLD in children under 15 years.

For ILI, this may reflect the limited case load (only approximately 2% of all ARIs in the

non-pandemic period). This makes identifying associations more challenging. Whilst

many associations were evident at the individual level, few remained at the aggregate

level, and those that did were highly volatile. As ILI is an important indicator, this was

a disappointing finding. ILI is not a term or diagnosis commonly used by clinicians, as

it is primarily a specialist surveillance concept. Clinicians with greater familiarity with

surveillance are likely to record it more consistently. The RSC can help support practices

in the appropriate use of ILI codes through education and communication.
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My recommendation would be further prospective evaluation of all symptoms, numeric

clinical signs and healthcare utilisation indicators, and also inclusion of all severe out-

comes.

Outcome indicators during the pandemic period followed a predictable pattern, with peaks

in outcomes coinciding with known waves of SARS-CoV-2 infection in England. Strong

correlations between outcomes and the top ranked predictors during this period suggest

that these markers provided useful information for public health authorities about changes

in rates of severe outcomes in the community. In the non-pandemic period, however, peaks

in severity were seasonal, with the greatest severity occurring in the summer months. This

finding was somewhat unexpected but may reflect a combination of high risk individuals

being most susceptible to infection at this time, ambient temperatures, and higher rates of

bacterial pathogens, although further work is required to establish the underlying drivers.

6.4 STRENGTHS AND LIMITATIONS

Here I focus on the strengths and limitations of the work undertaken in this DPhil. I

critically appraise the data, methods and inferences made from the studies included and

how this impacts on their real-world utility.

6.4.1 Data and study setting

Real-world surveillance

These studies were undertaken within a real-world surveillance system, which increases

potential to practically apply the outputs from this work. As a case in point, this setting

enabled direct implementation of the ARI PhA into routine reporting, so it now contributes

to RSC surveillance outputs to UKHSA and beyond. Data flows from EMIS practices

to the RSC are timely, with a lag of about two to four days. This supports compilation

of prompt incidence figures and offers a suitable test bed for developing timely severity

indicators was a core objective of this DPhil.

189



Chapter 6

The present analyses were retrospective which doesn’t completely reflect the real-world

system, which operates prospectively. In order to ensure the data I used better reflected the

real-world setting, I limited the analysis to records (diagnoses of ARI and severity markers)

that were recorded and entered on the same day. This theoretically reduces the chance of

retrospectively entered data being included in the analysis. However, this approach still

relies on clinicians appropriately back-dating certain details when a retrospective record

is entered, which, from personal experience, does not always happen. As a result, some

records that appear prospective may in fact describe events that occurred earlier. Further

prospective piloting is therefore required, and the RSC environment is a suitable place for

such work.

Primary care CMR data are rich, which allowed exploration of a wide range of candidate

severity markers. Some additional metadata would further strengthen interpretation. In

particular, flags indicating consultation mode (face to face, remote) and whether entries

derived from secondary sources such as hospital discharge summaries would help dis-

tinguish contemporaneous from delayed recording and reduce inclusion on non-relevant

records. These data are theoretically available, but have not yet been extracted or engi-

neered by colleagues in the technical team, and are therefore currently unavailable for

analysis.

Representativeness

The dataset is largely representative of the UK, comprising 25.7 million ARI episodes

in nearly 9 million individuals [40]. Because most of the population is registered with a

general practice, this surveillance has potential reach across the vast majority of people

and includes a range of socioeconomic and ethnic groups. Nonetheless, not everyone

attends general practice, and people who are not registered are disproportionately among

the least advantaged, for example people experiencing homelessness or those in prison. In

addition, current RSC ARI surveillance aggregates by subtype, age band, and NHS region

and does not yet integrate ethnicity or socioeconomic status. This reflects a deliberate

balance between simplicity and granularity in operational surveillance. As computational
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capacity and data engineering mature, integration of key demographic features may be

feasible. It is also relevant that these analyses draw on EMIS practices only, due to earlier

data governance constraints. EMIS coverage is strongest in the West of England, London,

and much of the South, which slightly limits regional generalisability. With governance

issues now resolved, future work can extend to non-EMIS practices.

Free text versus coded data

This DPhil used only coded data from the primary care CMR because free text is not

routinely available for secondary use. Access to free text is restricted because it may con-

tain sensitive information that risks patient privacy and security. This has implications for

measuring completeness, both for ARI diagnostic codes and for severity marker recording.

Although diagnostic (problem) codes are generally well recorded, primary care staff often

use free text to capture nuanced details of a consultation. Consequently, the completeness

estimates reported here cannot fully reflect the extent to which these concepts are docu-

mented in the CMR. Reassuringly, recording of several key severity markers, particularly

clinical signs, has increased markedly over the last decade. Advances in NLP and large

language model (LLM) methods for de-identification and information extraction could en-

able safe use of free text and improve the sensitivity and timeliness of severity indicators.

Robust governance and regulatory mechanisms are needed to facilitate this.

6.4.2 Reference standards

ARI case detection

Absence of a definitive reference standard in primary care CMR data emerged repeatedly

during this DPhil. To validate the new ARI PhA, I benchmarked it against the existing

RSC algorithm, recognising that the CMR alone cannot determine with certainty which

encounters truly meet the inclusion criteria for an ARI episode. To minimise subjectivity,

the PhA and its associated code lists were specified a priori, independently reviewed, and

peer reviewed, providing transparent scrutiny and supporting their validity. Using ARI

cases with virological confirmation would allow severity to be characterised for pathogen
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specific cohorts, but this is not a solution for syndromic surveillance, which is intentionally

agnostic to laboratory confirmation.

Severity markers

Lack of reference standards during the data quality assessment also limited the extent

to which completeness could be measured. In the absence of a reference standard,

completeness cannot be measured directly for binary indicators such as symptoms. To aid

interpretation, I introduced three different data entry contexts for severity markers: (1)

Markers where completeness can be validly inferred from recording rates, for example

numeric clinical signs. Then, (2) structurally complete markers that should always be

recorded when they occur because the system enforces or automates entry (for example

antibiotic prescribing). (3) Finally, structurally incomplete markers where recording

is optional and missingness cannot be quantified (for example symptoms). Definitive

measurement of completeness would require prospective observation of documentation

practice in primary care, which was outside the scope of this DPhil.

Outcomes

Outcomes in this study were defined from primary care records. The definitive sources

for hospitalisation and death data are HES and the ONS. At the start of this DPhil access

to linked HES and ONS data was available, which would have enabled gold standard

outcome definitions, but access was subsequently revoked due to governance changes.

Consequently, I used all cause hospitalisation and all cause death from primary care

CMR, where reason for admission and cause of death are not routinely available. This

introduces classification bias because some admissions and deaths will be unrelated to

the index ARI. Despite this, in many setting using ‘all-cause’ outcomes is often preferred.

Future linkage to HES and ONS via the secure hashed NHS number would be highly

desirable to validate and refine outcome definitions in primary care.
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6.4.3 Methodological choices

Systematic review

On reflection, there were drawbacks to using a systematic review to define candidate

severity markers. The process was extremely time consuming, with over two thousand

titles and abstracts independently screened by two reviewers. Although clear definitions

were set out and articles were screened independently, there was inevitable subjectivity in

deciding what constituted a severity marker. The primary care informatics review helped

mitigate this by providing an additional layer of expert scrutiny.

An alternative approach could have used a different systematic review design. For example,

I could have sought only predictors that had demonstrated an association with adverse

outcomes. The downside is that this would have narrowed the range of markers considered

and would probably have missed healthcare utilisation markers, particularly those specific

to primary care. Moreover, identifying markers of little value is itself informative.

A Delphi study could also have been used. A panel of experts could iteratively reach

consensus on candidate markers, offering a more efficient and targeted way to identify

relevant indicators while reducing subjectivity. It would have required only a single step

rather than a systematic review followed by an expert review. It is likely that many of

the same markers would have been identified, albeit more efficiently. However, the set

produced here was coherent, with plausible associations between many predictors and

severe outcomes.

Finally, a data driven approach could have been used whereby all SNOMED codes were

recorded at and around the time of the ARI diagnosis. This could then have been synthe-

sised into groups, much like in the systematic review. This approach would still require

considerable expert review at the end to ensure that these are correctly interpreted. How-

ever a data quality assessment could be integrated into the step, which would potentially

be more efficient. Ultimately, each of these process would likely have resulted in a similar

set of severity markers.
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Evaluation framework

To the best of my knowledge no previous study has systematically explored the potential

for defining severity indicators in the manner of this DPhil. The literature clearly identifies

the value of such indicators, but focuses principally on measurements of severity using

traditional methods: case hospitalisation and case fatality ratio, which inherently have

a substantial lag [23, 24]. These guidelines also tend to focus on the measurements of

clinical severity for laboratory confirmed cases such as influenza and SARS-CoV-2. This

created a challenge in that no prior methodological precedent was set for how this should

be approached. The final analysis work flow used in Chapter 5 is novel, however, each

element of this work flow utilises well recognised statistical techniques such as ORs and

CCs.

One deliberate methodological decision in Chapter 5 was to retain individual predictors

rather than build multivariable models. The primary motivation was operational simplic-

ity. While constructing multivariable models is relatively straightforward, maintaining

and interpreting severity indicators based on models would require resources beyond

those currently available to the RSC surveillance programme. In addition, multivariable

models reduce interpretability and make face validation more difficult. They would also

necessitate development of an aggregate severity score, introducing additional technical

and computational demands for prospective, near real-time surveillance. This supports

stability and simplicity, two key attributes in any public health surveillance system [161].

As the computational capacity of the surveillance system grows, multivariable models

could be considered in the future which could also help manage confounding.

Changes in recording quality during the pandemic exposed vulnerabilities in CMR-based

surveillance. However, pandemics are not the only potential source of disruption. The

technical and regulatory landscape is evolving rapidly. The emergence of TREs as the

principal route to access highly sensitive patient datasets has occurred over a short period,

creating operational challenges for the RSC and for other programmes that use CMR data

for secondary purposes. Similar shifts are likely in the future and could affect not only

194



Chapter 6

severity indicators but entire surveillance workflows.

Technological changes will also arise. Some will be small, such as SNOMED version

updates that require periodic review of the PhA and the code lists used for severity

markers. Others could be more disruptive, for example the introduction of new primary

care IT systems that displace EMIS and competitors. Recently the first new primary care

system in 25 years was released [164]. This system is cloud based and accessed via a

browser and is integrated with other NHS services. It has potential to disrupt the primary

care IT system landscape. If current systems such as EMIS do not also keep pace they

could become obsolete which would have major implications for the RSC surveillance

system.

6.5 FUTURE WORK

In this section, I set out a plan of further work in this field. I focus on the key next steps

in testing and operationalising severity indicators.

6.5.1 Piloting

Moving forward, the first and most critical step is to develop a pilot study using prospec-

tively collected surveillance data. Based on the findings of this DPhil, I would focus on a

compact set of predictors centred on key numeric clinical signs, top-ranked symptoms, and

health care utilisation indicators from the pandemic, as well as the composite outcome.

This approach ensures that the data used closely reflect the real-world setting, making the

findings more robust and relevant. It also allows more accurate assessment of timeliness

by measuring the exact date a record becomes available to the surveillance system, rather

than relying on event dates or recorded dates.

One of the limitations of collecting data prospectively is the time required to accumulate

a sufficiently large dataset to power a rigorous analysis. A valuable parallel piece of work

would be to refine retrospective datasets to improve our ability to identify appropriate
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records. For example, mechanisms could be developed to label consultation types as face

to face, remote, or encoded retrospectively (for instance, from a discharge summary).

These labels could help select surveillance records more accurately, both in terms of the

cases identified and the associated severity markers. In addition, a curated retrospective

dataset could be developed to more closely reflect real-world surveillance conditions.

6.5.2 Outcome validation

A parallel consideration would be clarification and validation of outcomes. Here I have

used primary care outcomes, which was all that was available to me. Validation of these

outcomes through comparison to the gold standard hospital and death data (HES and ONS)

can provide more confidence that primary care outcomes can be used. This is a relatively

straightforward study requiring a simple set analysis. Although access to HES and ONS

datasets are more heavily regulated and the bar to accessing this data is higher this study

should be prioritised in the near future.

6.5.3 Engagement of stakeholders

Once the outcome is clearly defined, the aims and objectives and action to be taken based

on the pilot should be pre-specified. While this DPhil was intentionally exploratory given

its novelty and the absence of prior evidence, the pilot will be designed to make a definitive

decision about embedding severity indicators into routine surveillance reports. Accord-

ingly, clear, pre-agreed objectives and decision criteria are required so that stakeholders

are prepared to integrate the indicators if those criteria are met. Key partners in this pro-

cess should include: UKHSA colleagues, NHS partners, RSC surveillance leads, RSC,

software engineers, statisticians, member practices and the public. Table 6.1 indicates the

role of each stakeholder involved.
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Table 6.1: Key stakeholders and their roles in ARI surveillance

Stakeholder Description of role

The public Enable surveillance by consenting to share their data (i.e., not

opting out). Public involvement and PPI work are critical to

ensure trust, guide priorities, and shape how results are commu-

nicated. Their perspectives help refine severity indicators and

make outputs more meaningful.

Member practices Provide the essential data that make surveillance possible. Their

engagement supports data quality improvement, and highly in-

volved practices can pilot new initiatives within the RSC network.

RSC surveillance leads Oversee the project as a whole, coordinating with member prac-

tices and developing initiatives to improve data quality. They

provide academic and operational leadership to ensure that in-

dicators are scientifically robust and practically useful.

UKHSA UKHSA are the principal funders of the surveillance at the RSC.

Provide the national public health perspective and help deter-

mine which information is most valuable to support decision

making. They place severity indicators within the broader con-

text of respiratory surveillance and advise on policy relevance.

NHS partners Supply linked health service data (e.g., Hospital Episode Statis-

tics, ONS mortality data) that can validate outcomes. NHS part-

ners also help ensure that indicators align with service planning

and operational needs.
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Table 6.1: Key stakeholders and their roles in ARI surveillance (continued)

Stakeholder Description of role

IT providers Supply the electronic health record systems that enable primary

care data extraction. Early engagement with both established

and new providers is essential to shape how their platforms can

best support surveillance, data quality, and real-time indicator

development.

Software/database engineers Implement any required changes to the surveillance system and

maintain the infrastructure underpinning severity indicators.

Statisticians Define the most appropriate methodologies for baselines, thresh-

olds, and models. They ensure that the chosen methods are sta-

tistically sound, reproducible, and suitable for integration into a

pilot.

6.5.4 Equity and representativeness

Work in this DPhil has focused on supplementing the current surveillance report with

severity indicators. At present, incidence reports are aggregated by region and age, but

not by other demographic parameters such as ethnicity. This level of aggregation provides

a useful overview, but it does not highlight differences in how severe disease affects specific

groups. A more granular understanding of who is most impacted by severe disease could

help address surveillance disparities. This could include the consideration of variables

such as ethnicity, deprivation, gender, and vaccination status.

Keeping surveillance simple is important, because excessive complexity can lead to in-

stability. However, planned assessments of the individuals most commonly affected by

severe disease could provide valuable insights into long-term trends in disparities. These

insights could also ensure that resources reach those who most need them.
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6.5.5 Analytical approach

Concurrently, the specific analytical approach should be defined. This approach should

take account of the objectives of respiratory surveillance and be aimed at the provision

of actionable public health intelligence. Whereas, this DPhil has assessed individual and

aggregate-level associations between predictors, a future analysis could look more closely

at the ability of indicators to predict severe outcomes and therefore health system pressures.

A number of frameworks exist for such aggregate level (time series data) analysis with a

range of complexity levels. Table 6.2 sets out some of the potential approaches.

Table 6.2: Baseline, threshold, and forecasting options for primary care ARI severity indicators

Approach Description (what it is, pros/cons, examples)

1. Five-year seasonal base-

line

Compute weekly expected values from the average of the past≥ 5

comparable seasons (optionally excluding outliers) and compare

current values to that baseline.

Pros: Simple, transparent, quick to implement; intuitive sea-

sonal context.

Cons: Ignores underlying trend and reporting delays; sensitive to

regime changes and outliers; limited uncertainty quantification.

Examples: RSC ARI surveillance reports [165].

2. Intensity thresholds Derive pre-epidemic and epidemic intensity thresholds from his-

torical seasons (e.g., Moving Epidemic Method (MEM) or per-

centile bands [166]) to classify current activity.

Pros: Standardised categories across seasons; widely used for

influenza; easy to communicate.

Cons: Needs multiple stable pre-pandemic seasons; assumes

consistent seasonality and coding; classifies intensity rather than

forecasting; not effective in pandemic settings.

Examples: ECDC/European influenza intensity (MEM); UK

national influenza intensity reporting.
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Table 6.2: Baseline, threshold, and forecasting options (continued)

Approach Description (what it is, pros/cons, examples)

3. Regression Over-dispersed Poisson or negative binomial regression mod-

els with trend, seasonality, and calendar effects to estimate ex-

pected counts and quantify excess activity. Includes established

aberration-detection approaches such as the Farrington and Far-

rington Flexible algorithms, which fit quasi-Poisson regression

models to historical windows to generate expected counts and

alert thresholds. RAMMIE regression is conceptually similar,

extending this framework for UK operational syndromic surveil-

lance [167].

Pros: Handles trend/seasonality and over-dispersion; produces

excess estimates and supports alerting; established operational

workflows exist (e.g., RAMMIE, surveillance R package).

Cons: Requires upkeep and re-baselining after structural

changes; assumes reasonably consistent recording practices; may

be unstable with small counts; Farrington-type models depend

on stable historical windows.

Examples: UKHSA syndromic surveillance (RAMMIE regres-

sion); Farrington/Farrington Flexible algorithm; EuroMOMO

network [168].

4. Short-horizon forecasts Statistical time-series forecasts 1–4 weeks ahead with prediction

intervals; alerts when observations exceed forecast bands.

Pros: Operationally useful for planning; can include exoge-

nous predictors; quantifies uncertainty. Cons: More complex;

sensitive to structural breaks; needs ongoing monitoring and

retraining.

Examples: CDC FluSight forecasting [169].
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6.5.6 Data quality improvements

Initiatives to improve data quality would be highly desirable. Here, stakeholder engage-

ment is key, as data quality can be influenced by multiple groups: IT providers through user

interface design; clinicians through member practice training and resource development;

software and database engineers through optimisation of data processing; and statisticians

through adjusting for missing data or biases.

Innovation can also support improved data quality, for example, integrating wearable

technology with the patient record could help increase completeness of clinical sign

recording. An initial approach would likely focus on supporting surveillance practices

in coding fully characterised ARI cases, through education on the most valuable severity

markers to record. Furthermore, the use of generative artificial intelligence (AI) in

consultations can help support increased data quality through automated coding. Such

systems are already in place in parts of England.

6.5.7 Summary of future work

Collectively, this approach lays out a clear path for both the essential and desirable pieces

of work required to operationalise severity indicators within the surveillance system. This

will involve the active engagement of all stakeholders to ensure that the work remains

relevant and equitable. It will also require appropriate resources to sustain the workforce

and technical infrastructure needed to maintain these indicators in routine practice.

6.6 CLOSING REMARKS

Respiratory viruses represent one of the greatest infectious threats to public health, as

starkly demonstrated by the COVID-19 pandemic. Seasonal respiratory viruses such as

influenza and RSV also impose a substantial burden, driving winter pressures across the

health system, from community pharmacies through to the ICU. Epidemic and pandemic

preparedness remains a central aim of respiratory virus surveillance, and it has been a
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principal theme running through this DPhil.

Preparedness is built on a state of readiness to manage pathogenic threats, and surveillance

is a cornerstone of this readiness. This DPhil has contributed to preparedness by developing

a new PhA, openly sharing the algorithm for transparency and scrutiny, and by introducing

severity indicators designed to move primary care-based surveillance beyond just incidence

measures. These indicators aim to capture changes in clinical severity that more accurately

reflect pressures on health services, thereby generating more actionable intelligence for

decision makers.

The work has also highlighted the importance of data quality as both an enabler and a

limitation of surveillance. Fluctuations in coding, susceptibility to disruption, and in-

complete recording reduce the reliability of primary care CMR-based intelligence. These

issues cannot be ignored if surveillance is to support epidemic and pandemic prepared-

ness effectively. Improving data quality through stakeholder engagement, education, and

innovation should therefore remain a priority for future system development.

Finally, this work is one part of a large, interconnected global effort to reduce the impact

of ARIs. At the heart of this effort are the people whose health surveillance ultimately

seeks to protect. By developing severity indicators within primary care CMR-based

surveillance systems, the aim is to contribute a focused but meaningful piece of work that

complements wider initiatives. While this thesis represents a substantial body of research

in its own right, it is best understood as one contribution to the collective endeavour

to strengthen surveillance, support epidemic and pandemic preparedness, and safeguard

population health, continuing a longstanding public health priority, exemplified by the

seventeenth-century Bills of Mortality, to provide timely and actionable intelligence on

disease severity [170].
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List of Abbreviations

AI artificial intelligence.

ARI acute respiratory infection.

AUROC area under the receiver operating characteristic curve.

BP blood pressure.

CABI Centre for Agriculture and Bioscience International.

CC correlation coefficient.

CDC United States Centers for Disease Control and Prevention.

CFR case fatality ratio.

CHR case hospitalisation ratio.

CI confidence interval.

CMR computerised medical record.

COPD chronic obstructive pulmonary disease.

COVID-19 coronavirus disease 2019.

CRP C-reactive protein.

DPhil Doctor of Philosophy.

ECDC European Centre for Disease Prevention and Control.

ECL Expression Constraint Language.
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ECLD exacerbation of chronic lung disease.

ED emergency department.

EMIS Egton Medical Information Systems.

ERVISS European Respiratory Virus Surveillance Summary.

EU European Union.

FDA Food and Drug Administration.

GCS Glasgow Coma Scale.

GISRS Global Influenza Surveillance and Response System.

GM geometric mean.

GRIPP2-SF Guidance for Reporting Involvement of Patients and the Public, Short Form.

HES Hospital Episode Statistics.

ICD International Classification of Diseases.

ICU intensive care unit.

ILI influenza-like illness.

IQR interquartile range.

ISO International Organization for Standardization.

IV intravenous.

LLM large language model.

LOESS locally estimated scatterplot smoothing.

LRTI lower respiratory tract infection.

205



List of Abbreviations

MAARI medically attended acute respiratory infection.

MERS-CoV Middle East respiratory syndrome coronavirus.

MeSH Medical Subject Headings.

NDOO National Data Opt-out.

NEWS National Early Warning Score.

NEWS2 National Early Warning Score 2.

NHS National Health Service.

NICE National Institute for Health and Care Excellence.

NLP natural language processing.

NOS not otherwise specified.

ONS Office for National Statistics.

OR odds ratio.

ORCHID Oxford Clinical Informatics Digital Hub.

PDS Personal Demographics Service.

PEWS Paediatric Early Warning System.

PhA digital phenotyping algorithm.

PISA Pandemic Influenza Severity Assessment.

PPI patient and public involvement.

PPV positive predictive value.

PRIMIS University of Nottingham, Primary Care Information Services.

PSAF Pandemic Severity Assessment Framework.
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List of Abbreviations

QoF Quality and Outcomes Framework.

RESST Real-time Syndromic Surveillance Team.

RSC Oxford–Royal College of General Practitioners Research and Surveillance Centre.

RSV respiratory syncytial virus.

RWD real-world data.

SARI severe acute respiratory infection.

SARI Watch Severe Acute Respiratory Infection Watch surveillance system.

SARS-CoV-1 severe acute respiratory syndrome coronavirus 1.

SARS-CoV-2 severe acute respiratory syndrome coronavirus 2.

SGSS Second Generation Surveillance System.

SIRS Systemic Inflammatory Response Syndrome.

SNOMED Systematized Nomenclature of Medicine.

SNR signal-to-noise ratio.

SOFA Sequential Organ Failure Assessment.

TESSy The European Surveillance System.

TPP The Phoenix Partnership (SystmOne).

TRE Trusted Research Environment.

UK United Kingdom.

UKHSA United Kingdom Health Security Agency.

URTI upper respiratory tract infection.

US United States.
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WHO World Health Organization.
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acute respiratory infection Acute respiratory infection (ARI) is a surveillance con-

cept representing a broad range of acute infective respiratory illnesses. In this

DPhil, it encompasses influenza-like illness (ILI), upper respiratory tract infection

(URTI), lower respiratory tract infection (LRTI), exacerbation of chronic lung dis-

ease (ECLD), suspected COVID-19, and ARI not otherwise specified (NOS).

age band The categorical grouping of individuals by age used for stratified analysis and

reporting of incidence and severity indicators. In this DPhil, two age banding

structures were applied. For the data quality assessment, five RSC age bands were

used following the UKHSA surveillance reporting standard: under 1 year, 1–4 years,

5–14 years, 15–64 years, and 65 years and over. For the evaluation stage, these were

merged into three broader groups to simplify stratification: <15 years (combining

under 1, 1–4, and 5–14 years), 15–64 years, and 65 years.

aggregate-level analysis An analytical approach that examines relationships between

variables summarised at a group or time-unit level rather than at the level of indi-

vidual patients. In this DPhil, aggregate-level analysis was used to assess temporal

correlations between weekly trends in candidate severity indicators and observed

severe outcomes, providing a population-level perspective on the relationship.

case ascertainment bias A limitation in surveillance where only a subset of true cases

are identified or recorded, resulting in a distorted view of disease severity or in-

cidence. In traditional hospital-based surveillance, severe cases are more likely to

be captured, while milder cases remain unseen. Primary care computerised medi-

cal records reduce this bias by capturing a broader spectrum of illness, improving

representativeness and strengthening epidemic and pandemic preparedness.
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case fatality ratio A population-level measure of disease severity defined as the propor-

tion of identified cases that result in death within a specified time period.

case hospitalisation ratio A population-level measure of disease severity defined as the

proportion of identified cases that result in hospital admission within a specified

time period.

Centers for Disease Control and Prevention The national public health agency of the

United States responsible for protecting health and safety through disease control,

prevention, and health promotion activities.

code list A defined set of clinical codes used to identify diagnoses, symptoms, treatments,

or outcomes in the computerised medical record. In this DPhil, code lists were used

to define acute respiratory infection cases and candidate severity markers within

primary care data. Code lists may be constructed either extensionally, by listing

all included codes, or intensionally, using logical rules expressed in the Expression

Constraint Language.

composite outcome The combined endpoint used in this DPhil was the recording of a

hospital attendance, admission, complication of ARI (sepsis or acute respiratory

failure) or death from any cause within 56 days of the index ARI case.

computerised medical record A digital version of a patient’s health record, containing

coded entries of diagnoses, symptoms, test results, prescriptions, and other clinical

data recorded during consultations.

cross-correlation analysis A statistical method used to assess the temporal association

between two time series. In this DPhil, cross-correlation analysis was used to

evaluate the relationship between candidate severity indicators and severe outcomes

at the aggregate level.

digital phenotyping algorithm A method for identifying clinical concepts such as acute

respiratory infection episodes from a computerised medical record. The algorithm

developed in this DPhil combines diagnostic, symptom, and treatment codes.
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ecological fallacy An error arising when inferences about individuals are made from

aggregate-level data. In this DPhil, both individual and aggregate-level analyses

were conducted to mitigate this risk.

EMIS A primary care electronic health record system widely used in England. EMIS

practices contribute data to the RSC network for respiratory surveillance.

European Centre for Disease Prevention and Control A European Union agency re-

sponsible for strengthening infectious disease surveillance and response across mem-

ber states. The RSC contributes to ECDC influenza and respiratory surveillance

through the UKHSA partnership.

exacerbation of chronic lung disease A sudden deterioration in respiratory symptoms

such as cough, sputum production, or breathlessness in an individual with underlying

chronic lung disease, including chronic obstructive pulmonary disease, asthma, or

other chronic respiratory disorders.

expression constraint A formal rule used within SNOMED CT to define a subset of

clinical concepts based on logical relationships in the terminology’s polyhierarchy.

Expression Constraint Language A standard query language used to define subsets

of SNOMED CT concepts based on logical expressions. It enables rule-based

construction of intensional code lists, supporting transparent and reproducible code

definitions.

extensional code list A code list created by explicitly enumerating all included codes.

Extensional code lists are static and may require frequent manual updates as clinical

terminologies evolve. Earlier versions of RSC surveillance algorithms used exten-

sional lists, later replaced by intensional lists built with the Expression Constraint

Language.

flag A categorical indicator used to classify clinical sign values according to severity

thresholds. In this DPhil, flags were derived from NEWS2 scores for adults and
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equivalent PEWS thresholds for children under 15 years. Flag 1 represents the

lowest severity level and Flag 3 the highest.

fold change A relative measure of change in a variable, typically expressed as a ratio.

In this DPhil, fold change was used to compare recording rates of severity markers

across different study periods.

geometric mean A multiplicative average used to combine values that are expressed as

ratios or on different scales. In this DPhil, the geometric mean was used to combine

scaled odds ratios and cross-correlation coefficients into a single balanced metric,

providing a summary measure that gives equal weight to relative differences across

indicators.

Hospital Episode Statistics A national database containing details of all admissions,

attendances, and outpatient appointments at NHS hospitals in England. Not used in

this DPhil due to data governance constraints.

individual-level analysis An analytical approach that assesses associations between vari-

ables measured at the level of individual patient or episode. In this DPhil, individual-

level analysis was used to quantify the strength of association between recorded

predictors of severe outcome—such as symptoms, signs, or treatments—and the

occurrence of the outcome.

influenza-like illness Defined by the Research and Surveillance Centre (RSC) as an acute

respiratory infection with a measured (or clinically plausible) temperature of 38°C

(except in older adults who may be afebrile), accompanied by cough, systemic upset

such as headache or myalgia, and a sudden onset, in the absence of a more plausible

diagnosis.

integrated respiratory surveillance A respiratory surveillance framework that monitors

multiple respiratory pathogens. This supports surveillance of novel, emerging, and

re-emerging pathogens such as SARS-CoV-2, as well as influenza.
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intensional code list A code list defined by a logical rule or expression rather than by

manual enumeration. Intensional code lists in this DPhil were constructed using the

Expression Constraint Language within SNOMED, allowing dynamic, reproducible

selection of all relevant descendant or related concepts.

lower respiratory tract infection An acute infection of the respiratory tract below the

larynx, including the bronchi, bronchioles, and alveoli. LRTI encompass clinical

entities such as bronchitis, bronchiolitis, and pneumonia.

NEWS2 score The National Early Warning Score 2, a standardised tool for assessing the

severity of acute illness through measurement of clinical signs. Used in this DPhil

to define cut-offs for numeric clinical signs and for composite clinical sign severity

thresholds.

non-pandemic period Combined late pre-pandemic (Period 2) and post-pandemic (Pe-

riod 4) phases used in the evaluation stage of this DPhil.

numeric severity marker A type of severity marker represented by a numeric measure-

ment such as blood pressure, temperature, or oxygen saturation. These markers

can be assessed for completeness and temporal plausibility and are often used to

construct objective severity indicators.

Office for National Statistics deaths data Mortality records compiled by the Office for

National Statistics, including date and cause of death. In this DPhil, these data are

used as the reference standard for validating death outcomes recorded in primary

care computerised medical records.

Oxford-Royal College of General Practitioners Research and Surveillance Centre A

syndromic and sentinel surveillance network of general practices coordinated by the

Royal College of General Practitioners, Oxford University, and the UK Health Se-

curity Agency. The RSC collects and analyses pseudonymised primary care data to

monitor the incidence of infectious diseases, including acute respiratory infections.
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It also undertakes virological sampling and supports vaccine effectiveness studies.

Data from the RSC are used for all empirical studies in this DPhil.

Pandemic Influenza Severity Assessment A framework developed by the World Health

Organization to assess the population-level severity of influenza epidemics and

pandemics.

pandemic period The timeframe encompassing the COVID-19 pandemic (Period 3).

Used in the evaluation stage of this DPhil for comparison with the non-pandemic

period (Periods 2 and 4).

Pandemic Severity Assessment Framework A framework developed by the United States

Centers for Disease Control and Prevention to evaluate the potential severity of

emerging influenza pandemics.

population-level severity A measure of the seriousness of disease at the population level.

It reflects the extent to which circulating respiratory pathogens are associated with

adverse outcomes such as hospitalisation, intensive care admission, or death. In the

Pandemic Severity Assessment Framework (PISA) framework, this corresponds to

the seriousness of disease dimension and complements measures of incidence to

estimate overall impact.

practice liaison team A group within the RSC responsible for engaging and support-

ing member practices, promoting data quality, and facilitating new surveillance

initiatives.

predictor of severe outcome A type of severity marker representing a characteristic

recorded around the time of acute respiratory infection onset, such as symptoms,

signs, or treatments, that may predict subsequent severe outcomes. Predictors are

more timely than severe outcomes and can support earlier assessment of severity.

rolling mean A smoothing technique that calculates the average value over a moving time

window to reduce short-term fluctuations in surveillance data.

214



Glossary of Terms

sentinel surveillance A surveillance system that relies on a network of selected reporting

sites (such as general practices, hospitals, or laboratories) to provide high-quality

data on specific diseases, often including virological sampling to confirm respiratory

infections.

severe outcome A type of severity marker representing a definitive endpoint of disease,

such as hospitalisation or death. Severe outcomes are reliable but are usually

less timely because of the lag between onset and their availability in primary care

computerised medical records.

severity indicator A type of surveillance indicator that specifically quantifies the pro-

portion of acute respiratory infection (ARI) episodes resulting in severe outcomes

within a defined period. It is expressed as a ratio, with the denominator representing

the total number of ARI episodes and the numerator representing those episodes

meeting predefined severity criteria (i.e., severity markers).

severity marker The criteria used to decide whether an acute respiratory infection episode

is classified as severe. They include two main types: severe outcomes (e.g., hos-

pitalisation or death) and predictors of severe outcomes (e.g., symptoms, signs, or

treatments). Severity markers define the numerator of severity indicators.

signal-to-noise ratio A measure of the strength of a true signal relative to background

variability. Used in this DPhil to identify stable and reliable severity indicators for

surveillance.

SNOMED CT The Systematized Nomenclature of Medicine – Clinical Terms, an inter-

nationally standardised, polyhierarchically structured clinical terminology used in

UK primary care and globally to record clinical concepts in computerised medical

records.

stratification In this DPhil, stratification was applied differently in the pandemic and

non-pandemic analyses. During the pandemic period (Period 3), two strata were

analysed, corresponding to adults (15–64 years, and 65 years). During the non-
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pandemic period (Periods 2 and 4), nine strata were analysed, defined by three age

bands (<15 years, 15–64 years, and 65 years) crossed with three acute respiratory

infection subtypes: upper respiratory tract infection (URTI), influenza-like illness

(ILI), and lower respiratory tract infection combined with exacerbation of chronic

lung disease (LRTI–ECLD).

structural completeness Structurally complete severity markers are those for which sys-

tems are in place to enforce recording of a given field. For example, prescription

recording is almost universally structurally complete.

structurally incomplete Structurally incomplete severity markers are those where record-

ing is at the clinician’s discretion, meaning completeness cannot be reliably assessed

directly from the computerised medical record.

study period A defined timeframe used to structure temporal comparisons in data analy-

sis. In this DPhil, four study periods (P1–P4) were specified to examine the temporal

dynamics and data quality of severity marker recording within primary care com-

puterised medical records. The study period spanned ISO week 40 of 2008 (29th

September 2008) to ISO week 39 of 2024 (29th September 2024) and was divided

into four phases centred on key milestones in the COVID-19 pandemic: P1 – early

pre-pandemic; P2 – late pre-pandemic; P3 – pandemic; and P4 – post-pandemic.

All four periods were included in data quality assessment; however, P1 was excluded

from the evaluation stage due to its earlier timeframe and differences in recording

completeness.

surveillance The ongoing, systematic collection, analysis, and interpretation of health

data for public health action.

surveillance indicator A quantitative measure derived from surveillance data that de-

scribes monitoring of a specific surveillance concept over time. Typically, for

acute respiratory infection (ARI) surveillance these are incidence, case positivity

or population-level severity. Changes in the indicators over time, for example, an

increase in incidence, can indicate impending public health pressures.
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syndromic surveillance A surveillance approach based on the real-time or near real-time

collection, analysis, and interpretation of health-related data that precede diagnosis,

focusing on clinical syndromes such as influenza-like illness or acute respiratory

infection, rather than laboratory-confirmed diagnoses.

TPP A UK supplier of primary care electronic health record systems. TPP practices are

increasingly being incorporated into the RSC surveillance network.

UK Health Security Agency (UKHSA) The United Kingdom’s national public health

agency responsible for protecting health from infectious diseases and other hazards.

The UKHSA funds and collaborates with the RSC to deliver national primary care

surveillance for respiratory infections and supports integration of severity indicators

into routine monitoring.

valid completeness measure A measure of data completeness where recorded values

accurately reflect whether information was collected. For example, recording rates

of numeric clinical signs such as blood pressure or oxygen saturation can serve

as valid completeness measures because these are expected to be present for all

assessed patients.

World Health Organization An agency of the United Nations responsible for global

public health. The WHO coordinates international efforts to prevent, detect, and

respond to infectious and other global health threats, including epidemics and pan-

demics.
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Appendix A1

Chapter 1 Introduction

A1.1 CASE DEFINITIONS

Table A1.1: Surveillance case definitions for acute respiratory infection (ARI) and related
syndromes

Acute Respiratory Infection (ARI) (EU, 2018)

• Sudden onset of symptoms

AND

• At least one of: cough, sore throat, shortness of breath, or coryza

AND

• Clinician’s judgement that illness is due to an infection

Influenza-like Illness (ILI) (RCGP-RSC)

Continued on next page
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Table A1.1: Surveillance case definitions for acute respiratory infection (ARI) and related
syndromes (continued)

• Acute respiratory illness with temperature ≥38◦C and cough, onset within the past 10 days

• Should not have another more plausible diagnosis

• Systemic upset (myalgia, fatigue, malaise, headache, etc.) is common

• Swabs ideally taken within 7 days of onset

Upper Respiratory Tract Infection (URTI)

An acute infection above and including the larynx, encompassing the nasal mucosa,

paranasal sinuses, middle ear, pharynx, and larynx.

Lower Respiratory Tract Infection (LRTI)

An acute infection below the larynx, including bronchus, bronchioles, and alveoli.

Exacerbations of Chronic Lung Disease (ECLD)

A sudden deterioration in respiratory symptoms (e.g., cough, sputum production,

breathlessness) in individuals with chronic lung disease.
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Chapter 3 Systematic review

A2.1 SEARCH STRATEGIES

A2.1.1 Global Health (2009 to 2023 Week 23)

Table A2.1: Global Health database search strategy

# Search Strategy Results
1 surveillance/ or sentinel surveillance/ or syndromic surveillance/ 29,423
2 (ARI or SARI or ILI).mp. 4,924
3 "surveillance indicator*".mp. or surveillance.in. 10,225
4 ("public health effect*" or "epidemiological effect*").mp. 364
5 1 or 2 or 3 or 4 43,049
6 exp influenza/ or influenza.mp. 47,257
7 SARS-CoV-2/ or COVID-19/ 111,070
8 (corona* adj1 (virus* or viral*)).mp. 2,093
9 CoV not (...) .ti,ab. 46,438

10 (coronavirus* or 2019nCoV* ...).mp. 126,133
11 "severe acute respiratory syndrome".mp. 110,444
12 7 or 8 or 9 or 10 or 11 126,595
13 limit 12 to yr="2020-current" 120,492
14 6 or 13 163,906
15 ("hospitali?ation rat*" or ...).mp. 184,226
16 (sever* or "seriousness").ti. 39,616
17 ("clinical* sever*" or "clinical* serious*").mp. 2,278
18 ((sever* or serious*) adj2 ...).mp. 71,038
19 15 or 16 or 17 or 18 270,359
20 5 and 14 and 19 1,732
21 exp animals/ not humans/ 720,712
22 20 not 21 1,701
23 limit 22 to yr="2009-current" 1,616
24 limit 23 to english language 1,486
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A2.1.2 Embase (1974 to present)

Table A2.2: Embase database search strategy

# Search Strategy Results
1 community based surveillance/ or epidemiological surveillance/ 1,613
2 (ARI or SARI or ILI).ti,ab,kf. 11,313
3 "surveillance indicator*".ti,ab,kf. or surveillance.in. 32,987
4 ("public health effect*" or "epidemiological effect*").ti,ab,kf. 719
5 1 or 2 or 3 or 4 46,300
6 exp *influenza/ 56,430
7 influenza.ti,ab. 129,765
8 (corona* adj1 (virus* or viral*)).ti,ab,kf. 6,062
9 CoV not (...) .ti,ab,kf. 151,936

10 (coronavirus* or 2019nCoV* ...).ti,ab,kf. 456,528
11 exp *severe acute respiratory syndrome/ or ... 383,741
12 8 or 9 or 10 or 11 486,040
13 limit 12 to yr="2020-current" 469,303
14 6 or 7 or 13 597,126
15 ("hospitali?ation rat*" or ...).ti,ab,kf. 321,556
16 (severe or severity).ti. 323,591
17 ("clinical* sever*" or "clinical* serious*").ti,ab,kf. 19,920
18 ((sever* or serious*) adj2 ...).ti,ab,kf. 351,980
19 15 or 16 or 17 or 18 944,751
20 5 and 14 and 19 1,299
21 exp animal/ not human/ 5,333,940
22 20 not 21 1,288
23 limit 22 to yr="2009-current" 1,260
24 limit 23 to english language 1,213

290



Chapter A2

A2.1.3 MEDLINE (1946 to present)

Table A2.3: MEDLINE database search strategy

# Search Strategy Results
1 Sentinel Surveillance/ or Public Health Surveillance/ 12,077
2 (ARI or SARI or ILI).ti,ab,kf. 8,064
3 "surveillance indicator*".ti,ab,kf. or surveillance.in. 21,946
4 ("public health effect*" or "epidemiological effect*").ti,ab,kf. 678
5 1 or 2 or 3 or 4 41,720
6 influenza.ti,ab,kf. or Influenza, Human/ 122,865
7 SARS-CoV-2/ or COVID-19/ 233,242
8 (corona* adj1 (virus* or viral*)).ti,ab,kf. 4,442
9 CoV not (...) .ti,ab. 106,972

10 (coronavirus* or 2019nCoV* ...).ti,ab,kf. 370,567
11 "severe acute respiratory syndrome".ti,ab,kf. 42,896
12 7 or 8 or 9 or 10 or 11 380,183
13 limit 12 to yr="2020-current" 366,869
14 6 or 13 481,854
15 ("hospitali?ation rat*" or ...).ti,ab,kf. 224,265
16 (sever* or "seriousness").ti. 269,411
17 ("clinical* sever*" or "clinical* serious*").ti,ab,kf. 13,163
18 ((sever* or serious*) adj2 ...).ti,ab,kf. 234,861
19 15 or 16 or 17 or 18 693,052
20 5 and 14 and 19 1,015
21 exp animals/ not humans/ 5,130,390
22 20 not 21 1,008
23 limit 22 to yr="2009-current" 984
24 limit 23 to english language 954
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A2.1.4 Grey Literature Search (15 March 2024)

To complement database searching, five public health web portals were searched for

surveillance reports published between 1 January 2018 and 31 December 2023 that con-

tained human respiratory-virus surveillance data.

1. United States Centers for Disease Control and Prevention (CDC):

"Respiratory virus surveillance reports" query via site search; all returned titles and

snippets screened until saturation.

https://search.cdc.gov/search/?query=Respiratory%20virus%20sur

veillance%20reports&dpage=1

2. World Health Organization (WHO) Disease Outbreak News:

First 300 notices reviewed for routine human respiratory-virus surveillance data.

https://www.who.int/emergencies/disease-outbreak-news

3. UK Health Security Agency (UKHSA):

GOV.UK search for respiratory-virus surveillance bulletins sorted by relevance.

https://www.gov.uk/search/all?keywords=Respiratory+virus+surve

illance+reports

4. European Centre for Disease Prevention and Control (ECDC):

Screened the 20 most recent monitoring updates for human respiratory-virus content.

https://www.ecdc.europa.eu/en/publications-data/monitoring/epi

demiological-updates

5. Sentiworld sentinel-network portal:

Accessed systems from https://www.sentiworld.info and browsed publica-

tions for relevant surveillance bulletins.

For every source, titles, executive summaries, and (where available) PDF bulletins were

examined. Items that met the inclusion criteria were exported as PDF.
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A2.2 DATA ITEMS EXTRACTED FROM STUDIES

Table A2.4: Data items collected for systematic review

Table A2.4: Data items collected for systematic review

Category Data Element

Study Details

1. Study title
2. Study aim
3. Publication type and date
4. Study period (start and end date)
5. Geographical scope (country(s) and region(s))

Case Information
Case types:

1. acute respiratory infection (ARI)
2. influenza-like illness (ILI)
3. severe acute respiratory infection (SARI)
4. Suspected COVID
5. Other
Case definitions used:

1. World Health Organization (WHO)
2. United States Centers for Disease Control and

Prevention (CDC)
3. Other
Number of cases:

1. > 500
Case recruitment type:

1. Hospitalised
2. Treatment-seeking (e.g., primary care)
3. Non-treatment-seeking (e.g., community survey)
4. intensive care unit (ICU)
5. Mixed

Severity Markers
Severity marker type:

1. Severe outcomes (e.g., complication, death)
2. Predictors of severe outcomes (e.g., clinical signs)

A2.3 REFERENCES FROM SYSTEMATIC REVIEW
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Table A2.5: List of included studies relevant to acute respiratory infection surveillance
(Appendix)

Study ID Study title

S001 [171] A Comparison of the Epidemiology and Clinical Presentation of Seasonal

Influenza A and 2009 Pandemic Influenza A (H1N1) in Guatemala

S002 [172] A Comprehensive Descriptive Epidemiological and ClinicalAnalysis of

SARS-CoV-2 in West-Mexico during COVID-19Pandemic 2020

S003 [173] A clinico-epidemiological profile, coinfections and outcome of patients

with Influenza Like Illnesses (ILI) presenting to the emergency department

during the COVID-19 pandemic

S004 [174] A cross-sectional analysis of symptom severity in adults with influenza and

other acute respiratory illness in the outpatient setting.

S005 [175] A review of the dynamics and severity of the pandemic A(H1N1) influenza

virus on R union island, 2009

S006 [176] Analysis of Risk Factors for Severe Acute Respiratory Infection and

Pneumonia and among Adult Patients with Acute Respiratory Illness during

2011-2014 Influenza Seasons in Korea

S007 [177] Antibiotic Use in Suspected and Confirmed COVID-19 Patients Admitted

to Health Facilities in Sierra Leone in 2020–2021: Practice Does Not

Follow Policy

S008 [178] Associations between chronic conditions and death in hospital among

adults (aged 20+years) during first acute care hospitalizations with a

confirmed or suspected COVID-19 diagnosis in Canada

S009 [179] Building influenza surveillance pyramids in near real time, Australia

S010 [180] CDC-Respiratory Virus Surveillance Among Children with Acute

Respiratory Illnesses – New Vaccine Surveillance Network, United States,

2016–2021

S011 [181] COVID-19 and Severe Acute Respiratory Infections: Monitoring Trends in

421 German Hospitals During the First Four Pandemic Waves
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Table A2.5: Table continued

Study ID Study title

S012 [182] Changes in Surveillance of Acute Respiratory Infections Including

Influenza in Slovak Republic during 1993–2008

S013 [183] Characterisation of acute respiratory infections at a United Kingdom

paediatric teaching hospital: observational study assessing the impact of

influenza A (2009 pdmH1N1) on predominant viral pathogens

S014 [184] Characterizing the Epidemiology of the 2009 Influenza A/H1N1 Pandemic

in Mexico

S015 [185] Chronic use of inhaled corticosteroids in patients admitted for respiratory

virus infections: a 6-year prospective multicenter study

S016 [186] Clinical Profile of COVID-19 Illness in Children—Experience from a

Tertiary Care Hospital

S017 [187] Clinical and epidemiological aspects of severe acute respiratory infection:

before and during the first year of the COVID-19 pandemic in Brazil

S018 [188] Clinical and phylogenetic influenza dynamics for the 2019-20 season in the

global influenza hospital surveillance network (GIHSN) – Pilot study

S019 [189] Clinical characteristics and factors associated with hospital admission or

death in 43 103 adult outpatients with coronavirus disease 2019 managed

with the Covidom telesurveillance solution: a prospective cohort study

S020 [190] Clinical characteristics and factors associated with severe acute respiratory

infection and influenza among children in Jingzhou, China

S021 [191] Clinical characteristics and outcome of respiratory syncytial virus infection

among adults hospitalized with influenza-like illness in France

S022 [192] Clinical characteristics and outcomes of influenza and other influenza-like

illnesses in Mexico City

S023 [193] Clinical characteristics and outcomes of patients with severe acute

respiratory infections (SARI): results from the Egyptian surveillance study

2010–2014
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Table A2.5: Table continued

Study ID Study title

S024 [194] Clinical features and mortality in COVID-19 SARI versus non-COVID-19

SARI cases from Western Rajasthan, India

S025 [195] Comparative epidemiology of five waves of COVID-19 in Mexico, March

2020–August 2022

S026 [196] Comparison of common acute respiratory infection case definitions for

identification of hospitalized influenza cases at a population-based

surveillance site in Egypt

S027 [197] Coronavirus Surveillance in a Pediatric Population in Jordan From 2010 to

2013: A Prospective Viral Surveillance Study

S028 [198] Deaths and hospitalizations related to 2009 pandemic influenza A (H1N1) –

Greece, May 2009–February 2010

S029 [199] Description of Hospitalized Cases of Influenza A(H1N1)pdm09 Infection

on the Basis of the National Hospitalized-Case Surveillance, 2009–2010,

Japan

S030 [200] Descriptive Epidemiology of Novel Influenza A (H1N1), Andhra Pradesh

2009–2010

S031 [201] Detection of Influenza C Viruses Among Outpatients and Patients

Hospitalized for Severe Acute Respiratory Infection, Minnesota, 2013–2016

S032 [202] Detection of Viral and Bacterial Pathogens in Hospitalized Children With

Acute Respiratory Illnesses, Chongqing, 2009–2013

S033 [203] Digitalizing and upgrading severe acute respiratory infections surveillance

in Malta: system development

S034 [204] Disparities Between Black and White Children in Hospitalizations

Associated With Acute Respiratory Illness and Laboratory-confirmed

Influenza and Respiratory Syncytial Virus in 3 US Counties – 2002–2009
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Table A2.5: Table continued

Study ID Study title

S035 [205] Effects of seasonal and pandemic influenza on health-related quality of life,

work and school absence in England: Results from the Flu Watch cohort

study

S036 [206] Epidemiologic and spatiotemporal characterization of influenza and severe

acute respiratory infection in Uganda, 2010–2015

S037 [207] Epidemiologic profile of severe acute respiratory infection in Brazil during

the COVID-19 pandemic: an epidemiological study

S038 [208] Epidemiological Characteristics and Underlying Risk Factors for Mortality

during the Autumn 2009 Pandemic Wave in Mexico

S039 [200] Epidemiological Characterization of a Fourth Wave of Pandemic A/H1N1

Influenza in Mexico, Winter 2011–2012: Age Shift and Severity

S040 [209] Epidemiological Trends of Coronavirus Disease 2019 in Sierra Leone From

March 2020 to October 2021

S041 [210] Epidemiological and clinical profile of Influenza A(H1N1) pdm09 in

Odisha, eastern India

S042 [211] Epidemiology and outcome of influenza-associated infections among

hospitalized patients with acute respiratory infections, Egypt national

surveillance system, 2016–2019

S043 [212] Epidemiology and virology of acute respiratory infections during the first

year of life: a birth cohort study in Vietnam

S044 [213] Epidemiology of Influenza in Fars Province, Southern Iran; a

Population-Based Study (2015–2019)

S045 [214] Epidemiology of Severe Acute Respiratory Illness and Risk Factors for

Influenza Infection and Clinical Severity among Adults in Malawi,

2011–2013
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Table A2.5: Table continued

Study ID Study title

S046 [215] Epidemiology of hospital admissions with influenza during the 2013/2014

Northern Hemisphere influenza season: results from the Global Influenza

Hospital Surveillance Network

S047 [216] Epidemiology of influenza B infection in the state of Rio Grande do Sul,

Brazil, from 2003 to 2019

S048 [217] Epidemiology of severe acute respiratory illness (SARI) among adults and

children aged ≤ 5 years in a high HIV-prevalence setting, 2009–2012

S049 [218] Epidemiology, disease severity and outcome of Severe acute respiratory

syndrome coronavirus 2 and influenza viruses coinfection seen at Egypt

integrated acute respiratory infections surveillance, 2020–2022

S050 [219] Establishing a sentinel surveillance system for the novel COVID-19 in a

resource-limited country: methods, system attributes and early findings

S051 [220] Establishing an ICD-10 code based SARI-surveillance in Germany –

description of the system and first results from five recent influenza seasons

S052 [221] Establishing thresholds and parameters for pandemic influenza severity

assessment, Australia

S053 [222] Estimating age-specific influenza-related hospitalization rates during the

pandemic (H1N1) 2009 in Davidson Co, TN

S054 [223] Estimating severity of influenza epidemics from severe acute respiratory

infections (SARI) in intensive care units

S055 [224] Estimating the burden of influenza-associated hospitalization and deaths in

Oman (2012–2015)

S056 [225] Etiology, clinical characteristics, and risk factors associated with severe

influenza-like illnesses in Mexican adults

S057 [226] Evaluation of a new clinical endpoint for moderate to severe influenza

disease in children: A prospective cohort study

S058 [227] Facility-based surveillance for influenza and respiratory syncytial virus in

rural Zambia
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Table A2.5: Table continued

Study ID Study title

S059 [228] Factors associated with Severe Acute Respiratory Syndrome in a Brazilian

central region

S060 [229] Factors associated with poor outcomes in patients with severe acute

respiratory infections in Bahrain

S061 [68] First-year results of the Global Influenza Hospital Surveillance Network:

2012–2013 northern hemisphere influenza season

S062 [230] Five-year community surveillance study for acute respiratory infections

using text messaging: findings from the MoSAIC study

S063 [231] Hospital-based surveillance of influenza A(H1N1)pdm09 virus in Saudi

Arabia, 2010–2016

S064 [232] Hospitalization of influenza-like illness patients recommended by general

practitioners in France between 1997 and 2010

S065 [69] Impact of 2009 pandemic influenza among Vietnamese children based on a

population-based prospective surveillance from 2007 to 2011

S066 [233] Impact of influenza infection on children’s hospital admissions during two

seasons in Athens, Greece

S067 [234] Impact of influenza on outpatient visits, hospitalizations, and deaths by

using a time series Poisson generalized additive model

S068 [235] Implementing the World Health Organization Pandemic Influenza Severity

Assessment framework—Singapore’s experience

S069 [236] Incidence, disease severity, and follow-up of influenza A/A, A/B, and B/B

virus dual infections in children: a hospital-based digital surveillance

program

S070 [237] Influenza B associated paediatric acute respiratory infection hospitalization

in central Vietnam

S071 [238] Influenza hospitalization epidemiology from a severe acute respiratory

infection surveillance system in Jordan, January 2008–February 2014
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Table A2.5: Table continued

Study ID Study title

S072 [239] Lessons from the epidemiological surveillance program, during the

influenza A (H1N1) virus epidemic, in a reference university hospital of

southeastern Brazil

S073 [240] Lethality and characteristics of deaths due to COVID-19 in Rondonia: an

observational study

S074 [241] Morbidity, mortality, and seasonality of influenza hospitalizations in Egypt,

November 2007–November 2014

S075 [242] Mortality amongst patients with influenza-associated severe acute

respiratory illness, South Africa, 2009–2013

S076 [243] Mortality, Severe Acute Respiratory Infection, and Influenza-Like Illness

Associated with Influenza A(H1N1)pdm09 in Argentina, 2009

S077 [244] National retrospective cohort study to identify age-specific fatality risks of

comorbidities among hospitalised patients with influenza-like illness in

Taiwan

S078 [245] Non-influenza respiratory viruses in adult patients admitted with

influenza-like illness: a 3-year prospective multicenter study

S079 [246] Novel influenza A(H1N1) in a pediatric health care facility in New York

City during the first wave of the 2009 pandemic

S080 [247] Occurrence of AH1N1 viral infection and clinical features in symptomatic

patients who received medical care during the 2009 influenza pandemic in

Central Mexico

S081 [248] Outbreak of 2009 pandemic influenza A(H1N1), Los Lagos, Chile,

April–June 2009

S082 [70] Outcomes of influenza A(H1N1)pdm09 virus infection: results from two

international cohort studies
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Table A2.5: Table continued

Study ID Study title

S083 [70] Outcomes of patients with Severe Acute Respiratory Infections (SARI)

admitted to the intensive care unit: results from the Egyptian Surveillance

Study 2010–2014

S084 [249] Overview of the winter wave of 2009 pandemic influenza A(H1N1)v in

Vojvodina, Serbia

S085 [250] Pandemic H1N1 influenza in Brazil: Analysis of the first 34 506 notified

cases of influenza-like illness with severe acute respiratory infection (SARI)

S086 [251] Patient characteristics associated with COVID-19 positivity and fatality in

Nigeria: retrospective cohort study

S087 [252] Persistent Functional Decline Following Hospitalization with Influenza or

Acute Respiratory Illness

S088 [253] Prevalence and risk factors for long COVID after mild disease: A cohort

study with a symptomatic control group

S089 [254] Prevalence, incidence, and severity associated with viral respiratory tract

infections in Colombian adults before the COVID-19 pandemic

S090 [255] Recrudescent wave of pandemic A/H1N1 influenza in Mexico, winter

2011–2012: Age shift and severity

S091 [256] Respiratory syncytial virus and other respiratory viral infections in older

adults with moderate to severe influenza-like illness

S092 [257] Respiratory virus-associated severe acute respiratory illness and viral

clustering in Malawian children in a setting with a high prevalence of HIV

infection, malaria, and malnutrition

S093 [258] Risk Factors for Severe Coronavirus Disease 2019 Among Human

Immunodeficiency Virus-Infected and -Uninfected Individuals in South

Africa, April 2020–March 2022: Data From Sentinel Surveillance

S094 [259] Risk factors for influenza-associated severe acute respiratory illness

hospitalization in South Africa, 2012–2015
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Table A2.5: Table continued

Study ID Study title

S095 [260] Risk factors of prolonged hospital stay in children with viral severe acute

respiratory infections

S096 [261] SARS-CoV-2 and influenza virus coinfection among patients with severe

acute respiratory infection during the first wave of COVID-19 pandemic in

Bangladesh: a hospital-based descriptive study

S097 [262] Sentiworld-2022 Acute Respiratory Illness Surveillance Report

S098 [263] Sentiworld-Weekly Report on Severe Acute Respiratory Infection (SARI),

Week 20 2023 (week ending 21/05/2023)

S099 [264] Severe Acute Respiratory Infection(SARI) sentinel surveillance in the

country of Georgia, 2015–2017

S100 [265] Severe Acute Respiratory Infections With Influenza and Noninfluenza

Respiratory Viruses: Yemen, 2011–2016

S101 [266] Severe Illnesses Associated With Outbreaks of Respiratory Syncytial Virus

and Influenza in Adults

S102 [267] Severe acute respiratory illness deaths in sub-Saharan Africa and the role of

influenza: a case series from 8 countries

S103 [268] Severe acute respiratory illness surveillance for influenza in Kenya: Patient

characteristics and lessons learnt

S104 [269] Severe acute respiratory infection in children in a densely populated urban

slum in Kenya, 2007–2011

S105 [270] Severe influenza-associated respiratory infection in high HIV prevalence

setting, South Africa, 2009–2011

S106 [271] Severity and mortality of COVID-19 infection in HIV-infected individuals:

Preliminary findings from Iran

S107 [272] Single- and multiple viral respiratory infections in children: disease and

management cannot be related to a specific pathogen

S108 [273] Status of novel coronavirus disease and analysis of mortality in Mexico,

until June 30th, 2020: An ecological study
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Table A2.5: Table continued

Study ID Study title

S109 [274] Substantial Morbidity and Mortality Associated with Pandemic A/H1N1

Influenza in Mexico, Winter 2013-2014: Gradual Age Shift and Severity

S110 [275] Surveillance data for eight consecutive influenza seasons in Sicily, Italy

S111 [276] Surveillance for hospitalized acute respiratory infection in Guatemala

S112 [277] Surveillance for severe acute respiratory infections (SARI) in hospitals in

the WHO European region – an exploratory analysis of risk factors for a

severe outcome in influenza-positive SARI cases

S113 [278] Surveillance of hospitalised patients with influenza-like illness during

pandemic influenza A(H1N1) season in Sicily, April 2009–December 2010

S114 [279] Surveillance of influenza in Iceland during the 2009 pandemic

S115 [280] The Burden of Influenza-Associated Hospitalizations in Oman, January

2008–June 2013

S116 [281] The Epidemiology and Burden of Influenza B/Victoria and B/Yamagata

Lineages in Kenya, 2012–2016

S117 [282] The Intensive Care Global Study on Severe Acute Respiratory Infection

(IC-GLOSSARI): a multicenter, multinational, 14-day inception cohort

study

S118 [283] The emergence of novel SARS-CoV-2 variant P.1 in Amazonas (Brazil)

was temporally associated with a change in the age and sex profile of

COVID-19 mortality: A population based ecological study

S119 [284] The epidemiology and severity of respiratory viral infections in a tropical

country: Ecuador, 2009–2016

S120 [285] The impact of altitude on hospitalization and hospital mortality from

pandemic 2009 influenza A (H1N1) virus pneumonia in Mexico

S121 [286] The impact of pandemic influenza H1N1 on health-related quality of life: A

prospective population-based study
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Table A2.5: Table continued

Study ID Study title

S122 [287] The substantial hospitalization burden of influenza in central China:

surveillance for severe, acute respiratory infection, and influenza viruses,

2010–2012

S123 [288] U-shaped-aggressiveness of SARS-CoV-2: Period between Initial

Symptoms and Clinical Progression to COVID-19 Suspicion. A

Population-Based Cohort Study

S124 [289] Using research to prepare for outbreaks of severe acute respiratory infection

S125 [290] Using routine emergency department data for syndromic surveillance of

acute respiratory illness, Germany, week 10 2017 until week 10 2021

S126 [291] Viral etiology, seasonality and severity of hospitalized patients with severe

acute respiratory infections in the Eastern Mediterranean Region,

2007–2014

A2.4 STUDY DETAILS

A2.4.1 Study Title and Aims

This section provides study codes, titles, and aims for all included studies.
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DETAILS  
study_id 

DETAILS 
study_title 

DETAILS 
study_aim 

S001 A Comparison of the 
Epidemiology and 
Clinical Presentation 
of Seasonal 
Influenza A and 2009 
Pandemic Influenza 
A (H1N1) in 
Guatemala 

We compare the epidemiology and clinical 
presentation of seasonal influenza A (H1N1 and 
H3N2) and 2009 pandemic influenza A (H1N1) 
(pH1N1) using a prospective surveillance system for 
acute respiratory disease in Guatemala. 

S002 A Comprehensive 
Descriptive 
Epidemiological and 
ClinicalAnalysis of 
SARS-CoV-2 in West-
Mexico during 
COVID-19Pandemic 
2020 

This study aimed to summarize the epidemiological 
and clinical characteristics of COVID-19 from Western 
Mexico people during 2020. 

S003 A clinico-
epidemiological 
profile, coinfections 
and outcome of 
patients with 
Influenza Like 
Illnesses (ILI) 
presenting to the 
emergency 
department during 
the COVID-19 
pandemic 

This is a prospective study comparing the 
demographics, clinical profile, co-infection with other 
viruses, and predictors of mortality in COVID-19 
patients presenting with typical symptoms of an ILI to 
those with atypical symptoms and would help our 
primary care physicians in managing such cases with 
limited resources. 

S004 A cross-sectional 
analysis of symptom 
severity in adults 
with influenza and 
other acute 
respiratory illness in 
the outpatient 
setting. 

We examined the association between a subjective 
symptom severity score, demographic and clinical 
characteristics, and presence of laboratory-confirmed 
influenza among central Wisconsin adults who sought 
care for ARI during four influenza seasons. 

S005 A review of the 
dynamics and 
severity of the 
pandemic A(H1N1) 
influenza virus on 
R‚union island, 2009 

This report summarizes the results of this surveillance 
and 
describes the dynamics and impact of the influenza 
pan- 
demic on Reïunion Island and the characteristics of 
labora- 
tory-confirmed cases, including hospitalized, severe 
and fatal 
cases. 

S006 Analysis of Risk 
Factors for Severe 
Acute Respiratory 
Infection and 

In this study, therefore, we aimed to identify risk 
factors for SARI and pneumonia among adult patients 
with ARI during the 2011-2014 influenza seasons 
using HIMM surveillance data in Korea. 



Pneumonia and 
among Adult 
Patients with Acute 
Respiratory Illness 
during 2011-2014 
Influenza Seasons in 
Korea 

S007 Antibiotic Use in 
Suspected and 
Confirmed COVID-19 
Patients Admitted to 
Health Facilities in 
Sierra Leone in 
2020?2021: Practice 
Does Not Follow 
Policy 

In this study, we report on the prevalence of 
antibiotic use and its associated factors among 
suspected and confirmed COVID-19 patients admitted 
to 35 health facilities in Sierra Leone from March 
2020?March 2021. 

S008 Associations 
between chronic 
conditions and 
death in hospital 
among adults (aged 
20+ years) during 
first acute care 
hospitalizations with 
a confirmed or 
suspected COVID-19 
diagnosis in Canada 

We aimed to quantify life course-specific associations 
between death in hospital and 30 chronic conditions, 
and comorbidity among them, in adults (aged 20+ 
years) during their first acute care hospitalization with 
a confirmed or suspected COVID-19 diagnosis in 
Canada. 

S009 Building influenza 
surveillance 
pyramids in near 
real time, Australia 

Flutracking data for 2011 and 2012 were used to 
investigate whether a near real time severity measure 
for circulating influenza strains could be determined. 

S010 CDC-Respiratory 
Virus Surveillance 
Among Children 
with Acute 
Respiratory Illnesses 
? New Vaccine 
Surveillance 
Network, United 
States, 2016?2021 

This report describes demographic characteristics of 
enrolled children who received care in these settings, 
and yearly circulation of influenza, RSV, HMPV, 
HPIV1?3, adenovirus, human rhinovirus and 
enterovirus (RV/EV),* and SARS-CoV-2 during 
December 2016?August 2021. 

S011 COVID-19 and 
Severe Acute 
Respiratory 
Infections: 
Monitoring Trends 
in 421 German 
Hospitals During the 
First Four Pandemic 
Waves 

In addition to statutory quality assurance, more than 
500 hospitals in Germany and Switzerland are 
voluntarily organised in the ?Initiative of Quality 
Medicine? (IQM, Berlin, Germany).7 Utilizing a large-
scale administrative dataset derived from the IQM, 
we conducted an extended analysis of SARI and 
COVID-19 cases covering four pandemic waves to 
report on patient characteristics and respective 
outcomes and compare pre-pandemic with pandemic 
time period 



S012 Changes in 
Surveillance of Acute 
Respiratory 
Infections Including 
Influenza in Slovak 
Republic during 
1993-2008 

The authors evaluated surveillance of acute 
respiratory infections (ARI), influenza and influenza-
like illnesses (ILI) in the Slovak Republic (SR). 
They analyze morbidity, age-specific morbidity, 
complications, mortality, number of influenza viruses 
isolations and vaccination coverage rates in 
the SR in the years 1993?2008. 

S013 Characterisation of 
acute respiratory 
infections at a 
United Kingdom 
paediatric teaching 
hospital: 
observational study 
assessing the impact 
of influenza A (2009 
pdmH1N1) on 
predominant viral 
pathogens 

there is limited published data on which respiratory 
viral pathogens cause ARI in children in the UK. Our 
study has attempted to address this knowledge gap 
by describing viral pathogen prevalence, occurrence 
of co-infection, diagnostic yield of sampling methods 
and presence of co-morbidity in patients with ARI 
caused by 2009 pdmH1N1 and other respiratory 
viruses, in a large paediatric teaching hospital in the 
North West of England over a year between April 
2010 and March 2011. 

S014 Characterizing the 
Epidemiology of the 
2009 Influenza 
A/H1N1 Pandemic in 
Mexico 

Here, we analyze the age- and state-specific incidence 
of influenza morbidity and mortality in 32 Mexican 
States, on the basis of reports to the Mexican 
Institute for Social Security (IMSS), a private medical 
system that covers 40% of the Mexican population. 
We also quantify the association between local 
influenza transmission rates, school cycles, and 
demographic factors. 

S015 Chronic use of 
inhaled 
corticosteroids in 
patients admitted 
for respiratory virus 
infections: a 6-year 
prospective 
multicenter study 

We aimed to compare the characteristics and 
outcome of respiratory virus infections in adults 
hospitalized for influenza-like illness (ILI) with, or 
without, chronic use of ICS. 

S016 Clinical Profile of 
COVID-19 Illness in 
Children?Experience 
from a Tertiary Care 
Hospital 

The present study aims to analyze the clinical features 
and outcome in children infected with SARS-CoV-2 in 
tertiary care pediatric teaching hospital in Northern 
India.. 

S017 Clinical and 
epidemiological 
aspects of severe 
acute respiratory 
infection: before and 
during the first year 
of the COVID-19 
pandemic in Brazil 

Our objective was to describe cases and deaths from 
severe acute respiratory infection (SARI) in Brazil over 
the past 8 y as well as changes in the distribution and 
risk of illness and death from SARI before and in the 
first year of the coronavirus disease 2019 (COVID-19) 
pandemic (FYP). 

S018 Clinical and 
phylogenetic 
influenza dynamics 

We first aimed to report the epidemiological 
dynamics of the 2019/20 season at the GIHSN scale 
for the influenza-associated hospitalisation of 



for the 2019-20 
season in the global 
influenza hospital 
surveillance network 
(GIHSN) - Pilot study 

patients aged over 5 years. The second objective was 
to describe the phylogenetic characterization of the 
viruses responsible for these hospitalisations for the 
first time within our network, with a specific focus on 
the representativeness of these cases compared to 
other medically attended influenza surveillance 
networks. 

S019 Clinical 
characteristics and 
factors associated 
with hospital 
admission or death 
in 43 103 adult 
outpatients with 
coronavirus disease 
2019 managed with 
the Covidom 
telesurveillance 
solution: a 
prospective cohort 
study 

Studies on coronavirus disease 2019 (COVID-19) have 
mainly focused on hospitalized patients or those with 
severe disease. We aim to assess the clinical 
characteristics, outcomes and factors associated with 
hospital admission or death in adult outpatients with 
COVID-19. 

S020 Clinical 
characteristics and 
factors associated 
with severe acute 
respiratory infection 
and influenza among 
children in Jingzhou, 
China 

We described the clinical and epidemiological 
characteristics of children with influenza and analyzed 
the association between potential risk factors and 
SARI patients with influenza. 

S021 Clinical 
characteristics and 
outcome of 
respiratory syncytial 
virus infection 
among adults 
hospitalized with 
influenza-like illness 
in France 

The aim of this study was to analyse characteristics 
and outcome of respiratory syncytial virus (RSV) 
infection in adults hospitalized with influenza-like 
illness (ILI). 

S022 Clinical 
characteristics and 
outcomes of 
influenza and other 
influenza-like 
illnesses in Mexico 
City 

Recognizing the need to investigate both influenza 
and non-influenza ILIs in the Mexican population, La 
Red implemented a study with the objective of 
describing the etiology, symptoms, and outcomes of 
subjects presenting with ILI in Mexico City. 

S023 Clinical 
characteristics and 
outcomes of 
patients with severe 
acute respiratory 
infections (SARI): 

This study describes the clinical features and 
outcomes of patients with severe acute respiratory 
infections (SARI) in hospitalized patients in Egypt. 



results from the 
Egyptian 
surveillance study 
2010?2014 

S024 Clinical features and 
mortality in COVID-
19 SARI versus non 
COVID-19 SARI cases 
from Western 
Rajasthan, India 

The objective of the present study was to examine 
the clinical and laboratory as well as comorbidities 
and outcomes of the SARI patients admitted in the 
COVID-19 suspect ICU. 

S025 Comparative 
epidemiology of five 
waves of COVID-19 
in Mexico, March 
2020?August 2022 

In this study, we investigated the epidemiological 
patterns of COVID-19 infections, hospitalizations, 
deaths, and factors associated with severe disease 
outcomes during the five epidemic waves in Mexico. 
To that end, we used data reported by the Mexican 
Institute of Social Security (IMSS) surveillance system, 
the most extensive Latin-American social security 
system, and Mexico?s leading health institution [6]. 

S026 Comparison of 
common acute 
respiratory infection 
case definitions for 
identification of 
hospitalized 
influenza cases at a 
population-based 
surveillance site in 
Egypt 

Multiple case definitions are used to identify 
hospitalized patients with community-acquired acute 
respiratory infections (ARI). We evaluated several 
commonly used hospitalized ARI case definitions to 
identify influenza cases. 

S027 Coronavirus 
Surveillance in a 
Pediatric Population 
in Jordan From 2010 
to 2013: A 
Prospective Viral 
Surveillance Study 

In our prior viral surveillance studies in Amman 
Jordan, over 80% of young hospitalized children with 
fever and/or ARI had at least one respiratory virus 
identified; however, testing for the 4 common HCoVs 
was not performed.17 Furthermore, viral surveillance 
studies in the Middle East and North Africa region 
assessing the incidence, seasonality, and clinical 
characteristics of individual HCoV species are limited. 
Therefore, this study aimed to assess the clinical 
characteristics and distribution of HCoV infections in 
hospitalized children less than 2 years over 3 
respiratory seasons. 

S028 Deaths and 
hospitalizations 
related to 2009 
pandemic influenza 
a (H1N1) - Greece, 
May 2009-February 
2010 

Editorial Note 
 
This is the first report to summarize the epidemiology 
of 2009 H1N1 in Greece. During July--August 2009, 
Greece experienced a moderate wave of 
transmission, followed by a stronger wave beginning 
in October and peaking during November 23--29. 

S029 Description of 
Hospitalized Cases 
of Influenza 
A(H1N1)pdm09 

The aim of the present study was toclarify  the  
characteristics  of  hospitalized  cases  
ofA(H1N1)pdm09 infection on the basis of analyses of 



Infection on theBasis 
of the National 
Hospitalized-Case 
Surveillance, 
2009?2010, Japan 

thesurveillance data collected during the 2009/2010 
season. 

S030 Descriptive 
Epidemiology of 
Novel Influenza A 
(H1N1), Andhra 
Pradesh 2009-2010 

In this paper, we describe the descriptive 
epidemiology of A (H1N1) cases reported in Andhra 
Pradesh during May 2009 to December 2010 

S031 Detection of 
Influenza C Viruses 
Among Outpatients 
and Patients 
Hospitalized for 
Severe Acute 
Respiratory 
Infection, 
Minnesota, 
2013?2016 

Thus, beginning in May 2013, the Minnesota 
Department of Health (MDH) with the support of the 
Centers for Disease Control and Prevention (CDC) 
incorporated molecular testing for influenza C into 
existing sentinel surveillance systems for outpatient 
and inpatient ARI, allowing us to study the 
epidemiology of influenza C virus infection. 

S032 Detection of Viral 
and Bacterial 
Pathogens in 
Hospitalized 
Children With Acute 
Respiratory 
Illnesses, Chongqing, 
2009?2013 

In the present study, we aimed to describe the 
detection of viruses and bacteria in hospitalized 
children with ARI in a subtropical city of mainland 
China, investigate the simultaneous detection pattern 
of multiple viruses and bacteria, and assess their 
association with clinical outcomes and severity. 

S033 Digitalizing and 
upgrading severe 
acute respiratory 
infections 
surveillance in 
Malta: system 
development 

We sought to describe the process of digitizing and 
upgrading SARI surveillance in Malta, an island 
country with a centralized health system, during the 
COVID-19 pandemic from February to November 
2021. We described the characteristics of people 
included in the surveillance system and compared 
different SARI case definitions, including their 
advantages and disadvantages. This study also 
discusses the process, output, and future for SARI and 
other public health surveillance opportunities. 

S034 Disparities Between 
Black and White 
Children in 
Hospitalizations 
Associated With 
Acute Respiratory 
Illness and 
Laboratory-
confirmed Influenza 
and Respiratory 
Syncytial Virus in 3 
US 
Counties?2002?2009 

The primary goal of this prospective, population-
based study was to determine whether racial 
disparities existed between black and white children 
under 5 years of age for hospitalizations associated 
with community-acquired ARI and laboratory-
confirmed seasonal influenza and RSV illness in 3 
large US counties. Secondarily, we assessed racial 
differences in access to care, influenza vaccination, 
and other characteristics that may affect racial 
disparities in hospitalization rates. 



S035 Effects of seasonal 
and pandemic 
influenza on health-
related quality of 
life, work and school 
absence in England: 
Results from the Flu 
Watch cohort study 

 
Objectives 
 
To measure quality-adjusted life days and years 
(QALDs and QALYs) lost and work/school absences 
among community cases of acute respiratory 
infections (ARI), ILI and influenza A and B and to 
estimate community burden of QALY loss and 
absences from influenza. 

S036 Epidemiologic and 
spatiotemporal 
characterization of 
influenza and severe 
acute respiratory 
infection in Uganda, 
2010-2015 

To characterize the epidemiology and transmission 
dynamics of influenza and risk factors for influenza-
associated severe 
respiratory infection in Uganda. 

S037 Epidemiologic 
profile of severe 
acute respiratory 
infection in Brazil 
during the COVID-19 
pandemic: an 
epidemiological 
study 

we evaluated the features (demographic 
data,hospitalization information, and outcomes) of 
hospitalizedpatients with SARI in Brazil, during the 
COVID-19 pandemic,according to the following 
groups: SARI due to Influenza virusinfection, SARI due 
to other respiratory viruses? infection,SARIdue to 
other known etiologic agents (OEAs), SARI due 
toSARS-CoV-2 infection (patients with COVID-19), and 
SARI dueto an undefined etiological agent 

S038 Epidemiological 
Characteristics and 
Underlying Risk 
Factors for Mortality 
during the Autumn 
2009 Pandemic 
Wave in Mexico 

In this article we fill this gap and carry out an analysis 
of clinical features at presentation, hospital admission 
delays, medical conditions, and receipt of seasonal 
vaccine on the risk of A/H1N1-related death among 
hospitalized patients. We use individual-level data 
from a prospective surveillance system implemented 
by the largest Mexican Social Security medical system 
spanning August-December, 2009. 

S039 Epidemiological 
Characterization of a 
Fourth Wave of 
Pandemic A/H1N1 
Influenza in Mexico, 
Winter 2011?2012: 
Age Shift and 
Severity 

Here we report on the epidemiology of a 
recrudescent (fourth) wave of pandemic A/H1N1 
influenza activity in Mexico from December 1, 
2011?March 20, 2012 and update our preliminary 
findings based on data up to February 10, 2012 (10). 

S040 Epidemiological 
Trends of 
Coronavirus Disease 
2019 in Sierra Leone 
From March 2020 to 
October 2021 

However, characterization of the epidemiological 
features of COVID-19 is crucial for the development 
and implementation of effective control strategies to 
reduce the socioeconomic effects of the COVID-19 
pandemic. Here, we report the results of a 
descriptive, exploratory analysis of all of the cases 
diagnosed between March 2020 to October 2021 in 
Sierra Leone to better understand the epidemic's 
progression and to formulate targeted strategies to 
contain current and future viral outbreaks. 



S041 Epidemiological and 
clinical profile of 
Influenza A(H1N1) 
pdm09 in Odisha, 
eastern India 

We carried out a retrospective analysis of the 
available information, in order to study the clinico-
epidemiological features and establish the magnitude 
and severity of recent Influenza A(H1N1)pdm09 
epidemics in hospitalized patients from the state of 
Odisha. 

S042 Epidemiology and 
outcome of 
influenza-associated 
infections 
among hospitalized 
patients with acute 
respiratory 
infections, 
Egypt national 
surveillance system, 
2016-2019 

This report presents the results of the national 
laboratory?based surveillance for hospitalized 
patients with ARI in 284 hospitals all over Egypt, 
2016?2019. The study aims at describing the 
epidemiology and exploring severity and mortality of 
influenza?associated infections among hospitalized 
ARI patients to identify target groups for influenza 
prevention and control strategies. 

S043 Epidemiology and 
virology of acute 
respiratory 
infections during the 
first year of life: a 
birth cohort study in 
Vietnam 

Our study aimed to describe the epidemiology and 
viral etiology of ARI in the first year of life within an 
ongoing prospective infant cohort in southern 
Vietnam. 

S044 Epidemiology of 
Influenza in Fars 
Province, Southern 
Iran; a Population-
Based Study (2015-
2019) 

To investigate the clinical and epidemiological 
features of influenza virus A/H1N1, A/H3N2, and B 
infection in Fars province, southern Iran, in 2015-
2019. 

S045 Epidemiology of 
Severe Acute 
Respiratory Illness 
and Risk Factors for 
Influenza Infection 
and Clinical Severity 
among Adults in 
Malawi, 2011?2013 

In this high HIV prevalence and malaria-endemic 
setting, we aimed to describe the epidemiology and 
viral etiology and factors associated with clinical 
severity and influenza positivity among individuals 
aged ? 15 years with severe acute respiratory illness 
(SARI) during 2011?2013 

S046 Epidemiology of 
hospital admissions 
with influenza 
during the 
2013/2014 Northern 
Hemisphere 
influenza season: 
results from the 
Global Influenza 
Hospital Surveillance 
Network 

Here, we describe the epidemiology of hospital 
admissions with influenza during the 2013/2014 
influenza season in the GIHSN Northern hemisphere 
participating sites. We also determine the impact of 
underlying patient characteristics on the risk of 
hospital admission and complications due to influenza 
overall and due to influenza A(H1N1)pdm09, 
A(H3N2), and B/Yamagata lineage. 

S047 Epidemiology of 
influenza B infection 

The aim of this study was to analyze cases of IBV 
infection amongcases of ARI and SARI notified 



in the state of Rio 
Grande do Sul, 
Brazil, from 2003 to 
2019 

between 2003 and 2018 in RioGrande do Sul, 
Southern Brazil, and analyze demographic and 
clinicaldata, as well as IBV circulation over the years. 

S048 Epidemiology of 
severe acute 
respiratory illness 
(SARI) among adults 
and children aged 5 
years in a high HIV-
prevalence setting, 
2009-2012 

There are few published studies describing severe 
acute respiratory illness (SARI) epidemiology amongst 
older children and adults from high HIV-prevalence 
settings. We aimed to describe SARI epidemiology 
amongst individuals aged ?5 years in South Africa. 

S049 Epidemiology, 
disease severity and 
outcome of Severe 
acute respiratory 
syndrome 
coronavirus 2 and 
influenza viruses 
coinfection seen at 
Egypt integrated 
acute respiratory 
infections 
surveillance, 2020-
2022 

This study aims to better describe the epidemiology, 
disease severity, and outcome of SARS-CoV-2/Flu 
coinfection to guide the development of effective 
preventive and control measures including case 
management and vaccination policy 

S050 Establishing a 
sentinel surveillance 
system for the novel 
COVID-19 in a 
resource-limited 
country: methods, 
system attributes 
and early findings 

To establish a hospital-based platform to explore the 
epidemiological and clinical characteristics of patients 
screened for COVID-19. 

S051 Establishing an ICD-
10 code based SARI-
surveillance in 
Germany - 
description of the 
system and first 
results from five 
recent influenza 
seasons 

We described the establishment of an ICD-10-based 
inpatient syndromic sentinel system and its 
application to the analysis of five influenza seasons. 
We compared the impact of different case definitions 
on the ability to capture SARI cases, to allow a timely 
trend analysis of the seasonal epidemic and to reflect 
the burden caused by influenza when compared to 
routine outpatient surveillance. 

S052 Establishing 
thresholds and 
parameters for 
pandemic influenza 
severity assessment, 
Australia 

To implement the World Health Organization?s 
pandemic influenza severity assessment tool in 
Australia, using multiple sources of data to establish 
thresholds and measure influenza severity indicators. 

S052 Establishing 
thresholds and 
parameters for 

To implement the World Health Organization?s 
pandemic influenza severity assessment tool in 



pandemic influenza 
severity assessment, 
Australia 

Australia, using multiple sources of data to establish 
thresholds and measure influenza severity indicators. 

S053 Estimating age-
specific influenza-
related 
hospitalization rates 
during the pandemic 
(H1N1) 2009 in 
Davidson Co, TN 

Objectives: To estimate age-specific hospitalization 
rates associated with laboratory-confirmed 
A(H1N1)pdm09 virus in Davidson County, TN, from 
May 2009 to March 2010. 

S054 Estimating severity 
of influenza 
epidemics from 
severe acute 
respiratory 
infections (SARI) in 
intensive care units 

The most important complication of influenza virus 
infection is pneumonia (primary viral or secondary 
bacterial pneumonia) [9]. While costs can be high, the 
precise burden remains a blind spot [10?15]. Such 
burden information is crucial for prevention and 
response considering that vaccination, the main 
control measure against influenza infection, is aimed 
at preventing complications. A severe influenza 
season may also lead to hospital capacity problems, 
especially in ICUs. In this study we analyze 
comprehensive retrospective ICU data to fill the 
current knowledge gap. 

S055 Estimating the 
burden of influenza-
associated 
hospitalization and 
deaths in Oman 
(2012-2015) 

To estimate the incidence of influenza- associated 
hospitalizations and in- hospital death in Oman 

S056 Etiology, clinical 
characteristics, and 
risk factors 
associated with 
severe influenza-like 
illnesses in Mexican 
adults 

Objective 
 
The aim of this study was to determine the risk 
factors associated with severe influenza-like illness 
(ILI) in Mexican adults that could be useful to 
clinicians when assessing patients with ILI. 

S057 Evaluation of a new 
clinical endpoint for 
moderate to severe 
influenza disease in 
children: A 
prospective cohort 
study 

Therefore, the objectives of this study were to 
evaluate if the proposed definition of moderate to 
severe influenza in children predicts hospitalization 
and other clinically relevant healthcare endpoints 
including recurrent ED visits, use of antimicrobials 
(including antivirals), school/daycare or parental work 
absenteeism, and increased healthcare costs during 2 
recent influenza seasons. 

S058 Facility-based 
surveillance for 
influenza and 
respiratory syncytial 
virus in rural Zambia 

In December 2018, facility-based surveillance for 
influenza and RSV was established in rural Zambia to 
evaluate their role in causing respiratory illness and 
begin to situate rural Zambia in the landscape of 
regional and global virus transmission. The objective 
of this analysis was to describe the burden of 
influenza and RSV disease during the first year of 
surveillance and explore predictors of severe disease. 



S059 Factors associated 
with Severe Acute 
Respiratory 
Syndrome in a 
Brazilian central 
region 

This study aimed to analyze the epidemiological 
profile and the factors associated with hospitalization 
and deaths from SARI in a central Brazilian region 
from 2013 to 2018. 

S060 Factors associated 
with poor outcomes 
in patients with 
severe acute 
respiratory 
infections in Bahrain 

Therefore, this study was conducted with the main 
objective of identifying the risk factors associated 
with poor outcomes, including mortality, ICU 
admission, and mechanical ventilation among 
patients admitted with SARI in Bahrain. 

S061 First-year results of 
the Global Influenza 
Hospital Surveillance 
Network: 2012-2013 
northern 
hemisphere 
influenza season 

In this report, we evaluated the characteristics of 
hospitalizations related to influenza and the temporal 
and geographic distribution of the different influenza 
viruses in these cases during the 2012?2013 Northern 
hemisphere influenza season, the program?s first 
year. 

S062 Five-year 
community 
surveillance study 
for acute respiratory 
infections using text 
messaging: findings 
from the MoSAIC 
study 

The objectives of this 5-year community surveillance 
study were to describe ARI incidence, etiology, and 
factors associated with infection and care-seeking, as 
well as to evaluate use of text messaging for 
longitudinal surveillance in a low-income population. 

S063 Hospital-based 
surveillance of 
influenza 
A(H1N1)pdm09 virus 
in Saudi Arabia, 
2010-2016 

Describe the data generated by the influenza A(H1N1) 
pdm09 surveillance in Saudi Arabia from 2010 to 
2016. 

S064 Hospitalization of 
influenza-like illness 
patients 
recommended by 
general practitioners 
in France between 
1997 and 2010 

In the present study, we compare the PRH of the 
2009? 
2010 A(H1N1) pandemic with the twelve preceding 
sea- 
sonal epidemics, stratifying by age, sex, and viral 
subtype. 
We also investigate the reasons why GPs 
recommended 
hospitalization and the presence of risk factors for 
pan- 
demic A(H1N1) complications. We finally evaluate the 
use- 
fulness of this surveillance for public health 
information by 
monitoring the precision of the PRH estimate 
throughout 
the pandemic. 



S065 Impact of 2009 
pandemic influenza 
among Vietnamese 
children based on a 
population-based 
prospective 
surveillance from 
2007 to 2011 

To investigate the impact of A(H1N1)pdm09 on 
pediatric ARI in Vietnam. 

S066 Impact of influenza 
infection on 
children's hospital 
admissions during 
two seasons in 
Athens, Greece 

The aim of the present study was to prospectively 
evaluate the 
burden of influenza infection upon pediatric 
hospitalizations in our 
area, and to obtain data on the most common clinical 
manifesta- 
tions and possible complications. 

S067 Impact of influenza 
on outpatient visits, 
hospitalizations, and 
deaths by using a 
time series Poisson 
generalized additive 
model 

In this study, the time series Poisson generalized 
additive model (GAM) was used to quantitatively 
assess the disease burden of influenza and ILI, by 
using the influenza surveillance data in Zhuhai City 
from 2007 to 2009 combined with outpatient, 
inpatient, and respiratory disease mortality data from 
the same period. 

S068 Implementing the 
World Health 
Organization 
Pandemic Influenza 
Severity Assessment 
framework-
Singapore's 
experience 

In this paper, we document Singapore's experience in 
developing and evaluating the PISA indicators and 
parameters, and this would provide other countries 
with suggestions that they can use in developing their 
own indicators. 

S069 Incidence, disease 
severity, and follow-
up of influenza A/A, 
A/B, and B/B virus 
dual infections in 
children: a hospital-
based digital 
surveillance 
program 

Within the framework of this inception cohort, we 
leveraged uniform case classi-fication of ILI and 
respiratory infection, standardized longitudinal 
patient assessments,and a comparable disease 
severity measure in addition to comprehensive IV PCR 
testingto investigate 
?The incidence of IV dual infections in children based 
on a hospital-based digitalsurveillance program with a 
known denominator of all ILI cases and 
?Disease  severity,  symptoms,  and  detailed  course  
of  illness  in  children  with  IVdual infections 

S070 Influenza B 
associated 
paediatric acute 
respiratory infection 
hospitalization in 
central Vietnam 

In this study, we investigated the incidence and 
clinical?epidemiological characteristics of paediatric 
hospitalized influenza B ARI cases in Vietnam. 

S071 Influenza 
hospitalization 
epidemiology from a 

We aim to describe the epidemiology and seasonality 
of influenza hospitalizations in Jordan over a time 
period of 6ÿyears (2008?2014). 



severe acute 
respiratory infection 
surveillance system 
in Jordan, January 
2008-February 2014 

S072 Lessons from the 
epidemiological 
surveillance 
program, during the 
influenza a (H1N1) 
virus epidemic, in a 
reference university 
hospital of 
southeastern Brazil 

to evaluate the impact of two definitions used as 
epidemiological tools, in adults and children, during 
the influenza A H1N1 epidemic. 

S073 Lethality and 
characteristics of 
deaths due to 
COVID-19 in 
Rondonia: an 
observational study 

Objective: To describe the characteristics of deaths 
due to COVID-19 in the state of Rond“nia. 

S074 Morbidity, mortality, 
and seasonality of 
influenza 
hospitalizations in 
Egypt, November 
2007-November 
2014 

The aims of this study were to (1) assess the 
proportion of SARI cases having influenza infection in 
Egypt; (2) examine the types and subtypes of 
detected influenza viruses in Egypt; (3) compare 
demographic and clinical characteristics of influenza-
positive SARI cases to those of influenza-negative 
SARI cases in Egypt; (4) quantify influenza deaths and 
assess influenza mortality risk factors in Egypt; and (5) 
establish a defined period of influenza seasonality in 
Egypt. 

S075 Mortality amongst 
patients with 
influenza-associated 
severe acute 
respiratory illness, 
South Africa, 2009-
2013 

We aimed to estimate the incidence of influenza-
associated severe acute respiratory illness (SARI) 
deaths and describe the risk-factors associated with 
death using data from prospective, hospital-based 
sentinel surveillance in South Africa. 

S076 Mortality, Severe 
Acute Respiratory 
Infection, and 
Influenza-Like Illness 
Associated with 
Influenza 
A(H1N1)pdm09 in 
Argentina, 2009 

In order to explore whether Argentina's influenza 
A(H1N1)pdm09 burden was higher or similar to the 
burden documented elsewhere, we use active facility-
based influenza surveillance and health utilization 
surveys from three cities in Argentina to estimate 
rates of influenza A(H1N1)pdm09-associated 
mortality, hospitalization, and influenza-like illnesses. 

S077 National 
retrospective cohort 
study to identify 
age-specific fatality 
risks of 
comorbidities 

Objectives This study aimed to examine 
comprehensively 
the prognostic impact of underlying comorbidities 
among 
hospitalised patients with influenza-like illness (ILI) in 



among hospitalised 
patients with 
influenza-like illness 
in Taiwan 

different age groups and provide recommendations 
targeting the vulnerable patients 

S078 Non-influenza 
respiratory viruses in 
adult patients 
admitted with 
influenza-like illness: 
a 3-year prospective 
multicenter study 

To describe the burden, and characteristics, of 
influenza-like illness (ILI) associated with non-
influenza respiratory viruses (NIRV). 

S079 Novel influenza 
A(H1N1) in a 
pediatric health care 
facility in New York 
city during the first 
wave of the 2009 
pandemic 

Objective  To describe the burden of care experienced 
by our pediatric health care facility in New York, New 
York, from May 3, 2009, to July 31, 2009, during the 
novel influenza A(H1N1) pandemic that began in 
spring 2009. 

S080 Occurrence of 
AH1N1 viral 
infection and clinical 
features in 
symptomatic 
patients who 
received medical 
care during the 2009 
influenza pandemic 
in Central Mexico 

This study estimated the AH1N1 infection, 
hospitalization and mortality rates in SLP during the 
2009 pandemic, and aimed at identifying clinical 
features associated with AH1N1 infection in 
individuals with flu-like illness who sought medical 
care. 

S081 Outbreak of 2009 
pandemic influenza 
A(H1N1), Los Lagos, 
Chile, April-June 
2009 

The aim of this study, as outlined in the introduction, 
was to investigate an outbreak of the 2009 pandemic 
influenza A(H1N1) in the Los Lagos region of Chile. 
Key objectives of the study included: 

S082 Outcomes of 
influenza 
A(H1N1)pdm09 virus 
infection: results 
from two 
international cohort 
studies 

In this report, we describe outcomes of outpatients 
and hospitalized patients with influenza 
A(H1N1)pdm09 virus infection and examine risk 
factors for progression of their illness. 

S083 Outcomes of 
patients with Severe 
Acute Respiratory 
Infections (SARI) 
admitted to the 
intensive care unit: 
results from the 
Egyptian 

We aimed to investigate the role of different 
respiratory viruses in causing critical illness requiring 
ICU admission, which pathogens were related to 
severe outcomes, and to address the impacts of SARI 
on the clinical outcomes of patients admitted to the 
ICU, in terms of morbidity and mortality. 



Surveillance Study 
2010-2014 

S084 Overview of the 
winter wave of 2009 
pandemic influenza 
A(H1N1)v in 
Vojvodina, Serbia 

To analyze the epidemiological data for pandemic 
influenza A(H1N1)v in the Autonomous Province of 
Vojvodina, Serbia, during the season of 2009/2010 
and to assess whether including severe acute 
respiratory illness (SARI) hospitalization data to the 
surveillance system gives a more complete picture of 
the impact of influenza during the pandemic. 

S085 Pandemic H1N1 
influenza in Brazil: 
Analysis of the first 
34,506 notified 
cases of influenza-
like illness with 
severe acute 
respiratory infection 
(SARI) 

The present paper describes the epidemiological 
profile of 
influenza-like illness (ILI) with severe acute 
respiratory infection 
(SARI), occurred during EW16 to 33 in Brazil. Case-
fatality by sex 
and presence of comorbidity is also presented. 

S086 Patient 
characteristics 
associated with 
COVID-19 positivity 
and fatality in 
Nigeria: 
retrospective cohort 
study 

Despite the increasing disease burden, there is a 
dearth of context-specific evidence on the risk factors 
for COVID-19 positivity and subsequent death in 
Nigeria. Thus, the study objective was to identify 
context-specific factors associated with testing 
positive for COVID-19 and fatality in Nigeria. 

S087 Persistent 
Functional Decline 
Following 
Hospitalization with 
Influenza or Acute 
Respiratory Illness 

We aimed to investigate persistent functional change 
in older adults admitted to hospital with influenza 
and other acute respiratory illness (ARI). 

S088 Prevalence and risk 
factors for long 
COVID after mild 
disease: A cohort 
study with a 
symptomatic control 
group 

There is limited data on the prevalence and risk 
factors for long COVID and few prospective studies 
with appropriate control groups and adequate sample 
sizes. We performed a prospective study to 
determine the prevalence and risk factors for long 
COVID. 

S089 Prevalence, 
incidence, and 
severity associated 
with viral respiratory 
tract infections in 
Colombian adults 
before the COVID-19 
pandemic 

We hypothesize that the most frequent clinical 
diagnosis of patients admitted due to ARI is CAP. The 
severity classification used by the surveillance 
program might identify patients at higher risk of 
worse clinical outcomes. Using the ARI-based report 
strategy in Bogot  (Colombia), we will attempt to 
bridge this gap in the literature by identifying the 
clinical burden of respiratory viral infections, the 
incidence per year, disease severity, and clinical 
outcomes of ARI in adults. 

S090 Recrudescent wave 
of pandemic A/H1N1 

Here we describe changes in the epidemiological 
patterns of the ongoing 4th pandemic wave in 2011-



influenza in Mexico, 
winter 2011-2012: 
Age shift and 
severity 

12, relative to the earlier waves in 2009. The analysis 
is intended to guide public health intervention 
strategies in near real time. 

S091 Respiratory syncytial 
virus and other 
respiratory viral 
infections in older 
adults with 
moderate to severe 
influenza-like illness 

We used multiplex reverse transcriptase PCR (RT-PCR) 
to identify viral respiratory pathogens in nasal and 
throat swabs from episodes of moderate-to-severe 
influenza-like illness (ILI) in influenza-vaccinated 
elderly individuals. 

S092 Respiratory virus-
associated severe 
acute respiratory 
illness and viral 
clustering in 
Malawian children in 
a setting with a high 
prevalence of HIV 
infection, malaria, 
and malnutrition 

In the context of a low-income population with 
multiple drivers of immune compromise (eg, human 
immunodeficiency virus [HIV] infection, malnutrition, 
and malaria) [11], we conducted active surveillance at 
a large urban teaching hospital in Malawi to estimate 
the incidence of childhood SARI and explore the 
association of SARI clinical severity with HIV infection 
and clustering of respiratory viral coinfection. 

S093 Risk Factors for 
Severe Coronavirus 
Disease 2019 Among 
Human 
Immunodeficiency 
Virus-Infected and -
Uninfected 
Individuals in South 
Africa, April 2020-
March 2022: Data 
From Sentinel 
Surveillance 

Using a well established syndromic surveillance 
program for influenza-like-illness (ILI) [11] and severe 
respiratory illness (SRI) [12?14], we aimed to describe 
clinical and epidemiological characteristics of persons 
with laboratory-confirmed COVID-19 and identify 
factors associated with COVID-19 hospitalization or 
mortality. 

S094 Risk factors for 
influenza-associated 
severe acute 
respiratory illness 
hospitalization in 
South Africa, 2012-
2015 

Risk factors for influenza-associated severe acute 
respiratory illness hospitalization in South Africa, 
2012-2015 

S095 Risk factors of 
prolonged hospital 
stay in children with 
viral severe acute 
respiratory 
infections 

The present study focused on detection of risk factors  
for  prolonged  hospital  stay  among  children with  
viral  SARI,  including  demographic  and  clinical 
characteristics of patients, and the type and 
seasonality of  different  respiratory  viral  pathogens  
causing  acute lower respiratory infection (ALRI). 

S096 SARS-CoV-2 and 
influenza virus 
coinfection among 
patients with severe 
acute respiratory 

To estimate the proportion of SARS-CoV-2 and 
influenza virus coinfection among severe acute 
respiratory infection (SARI) cases-patients during the 
first wave of COVID-19 pandemic in Bangladesh. 



infection during the 
first wave of COVID-
19 pandemic in 
Bangladesh: a 
hospital-based 
descriptive study 

S097 Sentiworld-2022 
ACUTE RESPIRATORY 
ILLNESS 
SURVEILLANCE 
REPORT 

This report provides an overview of priority viral 
respiratory illnesses in New Zealand in 2022, 
including those causing influenza, respiratory 
syncytial virus (RSV) illness and COVID-19. Please 
note, most viral respiratory illnesses are not legally 
notifiable diseases in New Zealand. 

S098 Sentiworld-Weekly 
Report on Severe 
Acute Respiratory 
Infection (SARI), 
Week 20 2023 (week 
ending 21/05/2023) 

This report includes data on SARI hospitalised cases, 
aged 15 years and older who were admitted to 
St. Vincent?s University Hospital (SVUH), Dublin up to 
week 20 2023. 

S099 Severe Acute 
Respiratory Infection 
(SARI) sentinel 
surveillance in the 
country of Georgia, 
2015-2017 

This study aimed to characterize the seasonality and 
epidemiology of SARI in the country of Georgia over 
two influenza seasons (2015?2016 and 2016?2017), 
to describe the etiological and clinical patterns 
observed, and to assess seasonal influenza vaccine 
effectiveness using a case-test negative design. 

S100 Severe Acute 
Respiratory 
Infections With 
Influenza and 
Noninfluenza 
Respiratory Viruses: 
Yemen, 2011-2016 

This study aimed to determine the proportions of 
influenza and noninfluenza virus among SARI patients, 
and assess the severity of SARI and its associated 
factors in Yemen. 

S101 Severe Illnesses 
Associated With 
Outbreaks of 
Respiratory Syncytial 
Virus and Influenza 
in Adults 

Our purpose of the present study was to perform an 
ecological analysis of the relationship between 
outbreaks of RSV and flu and advanced medical 
outcomes of adults in a defined geographic region 
over 12 consecutive years (2001 to 2013). 

S102 Severe acute 
respiratory illness 
deaths in sub-
Saharan Africa and 
the role of influenza: 
a case series from 8 
countries 

Hospital-based influenza surveillance has increased 
dramatically in Africa in the last decade [9], and we 
assessed whether the current systems could provide 
insights into seasonal influenza?associated mortality 
among persons hospitalized for respiratory disease in 
Africa, as well as data on other etiologies of 
respiratory disease?associated mortality in sub-
Saharan Africa. 

S103 Severe acute 
respiratory illness 
surveillance for 
influenza in Kenya: 
Patient 

This paper aims to describe the epidemiology and 
clinical features of patients hospitalized with 
influenza in Kenya and highlight the importance of 
year?round surveillance for severe acute respiratory 
infections (SARI), especially in tropical countries. 



characteristics and 
lessons learnt 

S104 Severe acute 
respiratory infection 
in children in a 
densely populated 
urban slum in Kenya, 
2007-2011 

To broaden the knowledge-base and compare 
etiology and epidemiology, we analyzed data from 
our population-based infectious disease surveillance 
(PBIDS) site in Kibera, an urban slum in Nairobi. The 
rural and urban PBIDS operate with the same study 
protocol. 

S105 Severe influenza-
associated 
respiratory infection 
in high HIV 
prevalence setting, 
South Africa, 2009-
2011 

We investigated the incidence of hospitalization for 
influenza-associated acute lower respiratory tract 
infection (LRTI) and the clinical course of illness in 
persons with and without HIV infection in South 
Africa. 

S106 Severity and 
mortality of COVID-
19 infection in HIV-
infected individuals: 
Preliminary findings 
from Iran 

This study aims to investigate the course of COVID-19 
infection in HIV-infected individuals by characterizing 
COVID-19 incidence, clinical presentation, severity, 
and mortality in HIV-infected patients as compared to 
HIV-negative COVID cases in Iran. Since the study has 
been performed in the early stage of the COVID-19 
pandemic, few similar evidences have been published 
in this regard, especially in the study area indicating 
the novelty of the study. 

S107 Single- and multiple 
viral respiratory 
infections in 
children: disease 
and management 
cannot be related to 
a specific pathogen 

The aim of the current study was to determine if RT-
PCR test results are related to clinical data in children 
with respiratory symptoms. We investigated clinical 
symptoms, management and outcome in these 
children and correlated these findings to the specific 
virus determined by RT-PCR. We additionally 
investigated clinical differences between single-, 
multiple-, and RT-PCR negative ARI. 

S108 Status of novel 
coronavirus disease 
and analysis of 
mortality in Mexico, 
until June 30th, 
2020: An ecological 
study 

The aim was to analyze the Cause-Specific Mortality 
Rate (CSMR) for COVID-19, for each Mexican State 
and the effect of comorbidities on deaths by COVID-
19. 

S109 Substantial 
Morbidity and 
Mortality Associated 
with Pandemic 
A/H1N1 Influenza in 
Mexico, Winter 
2013-2014: Gradual 
Age Shift and 
Severity 

Here we report preliminary findings on the 
epidemiology of the on-going A/H1N1 outbreak in 
Mexico from October 2013 to January 2014. Because 
past influenza pandemics have had substantial 
morbidity and mortality burden for several seasons 
after the initial pandemic waves 6 7 8 9 10 , continued 
vigilance is prudent. We compare the demographic 
and clinical characteristics of laboratory-confirmed 
A/H1N1 hospitalizations and deaths in winter 2013-14 
with those reported for the preceding 2011-12 
A/H1N1 epidemic. Our data highlight a change in the 
age distribution of A/H1N1 patients and a slightly 



higher reproduction number compared to the 2011-
12 A/H1N1 outbreak. 

S110 Surveillance data for 
eight consecutive 
influenza seasons in 
Sicily, Italy 

This retrospective study aimed to explore the 
epidemiology of influenza disease and the 
heterogeneity of circulating strains in Sicily, at the 
primary care and hospital level, over eight influenza 
seasons after the 2009 pandemic. 

S111 Surveillance for 
hospitalized acute 
respiratory infection 
in Guatemala 

The International Emerging Infections Program of the 
U.S. Centers for Disease Control and Prevention 
(CDC), in collaboration with the Guatemala Ministry 
of Public Health and Welfare and the Universidad del 
Valle de Guatemala (UVG) conducts surveillance for 
hospitalized ARI in two sites in Guatemala. The 
surveillance is aimed at measuring the burden of 
hospitalized ARI in the catchment area and 
characterizing ARI etiology. We present the findings 
of surveillance for hospitalized ARI from November 
2007 through December 2011. 

S112 Surveillance for 
severe acute 
respiratory 
infections (SARI) in 
hospitals in the 
WHO European 
region - an 
exploratory analysis 
of risk factors for a 
severe outcome in 
influenza-positive 
SARI cases 

This paper describes the characteristics of SARI 
patients and investigates risk factors for a severe 
outcome (ICU/fatal) in influenza-positive SARI 
patients in countries in Central and Eastern Europe. 

S113 Surveillance of 
hospitalised patients 
with influenza-like 
illness during 
pandemic influenza 
A(H1N1) season in 
Sicily, April 2009-
december 2010 

The aim of the present study was to report the 
influenza surveillance data describing the 
epidemiological characteristics of patients with ILI 
symptoms, laboratory-confirmed infections with 
pandemic influenza A(H1N1)2009, and fatal cases that 
occurred among hospitalised patients in Sicily from 
April 2009 through December 2010. 

S114 Surveillance of 
influenza in Iceland 
during the 2009 
pandemic 

In this article we report the changes made in the 
surveillance of influenza in Iceland and describe the 
data collected during the 2009 H1N1pandemic. 

S115 The Burden of 
Influenza-Associated 
Hospitalizations in 
Oman, January 
2008-June 2013 

This report describes the establishment of a SARI 
surveillance system in Oman and presents the 
epidemiology and seasonality of influenza during the 
period of January 2008 to June 2013. 

S116 The Epidemiology 
and Burden of 
Influenza B/Victoria 
and B/Yamagata 

Here, we describe the epidemiology and clinical 
presentation associated with influenza B virus 
lineages (B/Victoria and B/Yamagata) among 



Lineages in Kenya, 
2012-2016 

medically attended cases of acute respiratory illness 
(ARI) in Kenya. 

S117 The Intensive Care 
Global Study on 
Severe Acute 
Respiratory Infection 
(IC-GLOSSARI): a 
multicenter, 
multinational, 14-
day inception cohort 
study 

In this prospective, multicenter, 14-day inception 
cohort study, we investigated the epidemiology, 
patterns of infections, and outcome in patients 
admitted to the intensive care unit (ICU) as a result of 
severe acute respiratory infections (SARIs). 

S118 The emergence of 
novel SARS-CoV-2 
variant P.1 in 
Amazonas (Brazil) 
was temporally 
associated with a 
change in the age 
and sex profile of 
COVID-19 mortality: 
A population based 
ecological study 

With the objective to describe and to identify possible 
changes in the mortality profile associated temporally 
to the emergence of the P1 strain in the state of 
Amazonas, we used public data of COVID-19 cases 
registered at the national epidemiological surveillance 
system. Two distinct epidemiological periods were 
considered in our analysis: the peak of the first wave, 
between April and May 2020, and January 2021 (the 
second wave), the month in which the new variant 
came to predominate. 

S119 The epidemiology 
and severity of 
respiratory viral 
infections in a 
tropical country: 
Ecuador, 2009-2016 

Respiratory viral infections (RVI) are a leading cause 
of mortality worldwide. We compared the 
epidemiology and severity of RVI in Ecuador during 
2009?2016. 

S120 The impact of 
altitude on 
hospitalization and 
hospital mortality 
from pandemic 2009 
influenza A (H1N1) 
virus pneumonia in 
Mexico 

In  this study,  our  objective  was  to  examine  the  
association between altitude of residence and rates 
of hospitaliza-tion and mortality, in cases of 
Influenza?like illness (ILI) and severe acute respiratory 
illness (SARI), during the first months of the 2009 
pandemic influenza A H1N1 virus, to examine if 
residents of high altitude had more frequently these 
adverse outcomes. 

S121 The impact of 
pandemic influenza 
H1N1 on health-
related quality of 
life: A prospective 
population-based 
study 

The health-related quality of life detriment from a 
population-based sample of confirmed H1N1v 
patients was prospectively measured and compared 
to controls who were investigated because they had 
influenza like illness (ILI), but were not laboratory 
confirmed as H1N1v. The aims were: 1) to quantify 
the burden of H1N1v for individual patients and 
investigate factors, such as age and treatment with 
antivirals, that may affect this; 2) compare the 
severity of the 2009 strain to other infections that 
cause ILI and previous estimates of the severity of 
influenza from a systematic literature review; and 3) 
to estimate the overall burden attributed to H1N1v in 
the population. The findings can then be used to 
inform effectiveness and cost-effectiveness analyses 



on policy decisions related to the control of future 
waves of this or related viruses. 

S122 The substantial 
hospitalization 
burden of influenza 
in central China: 
surveillance for 
severe, acute 
respiratory 
infection, and 
influenza viruses, 
2010-2012 

The study aimed to conduct surveillance of Severe 
Acute Respiratory Infection (SARI) in central China 
and estimate the rates of hospitalization due to SARI 
that could be attributed to influenza virus infections. 
This involved analyzing the prevalence and impact of 
different influenza virus types/subtypes in 
hospitalized SARI patients. 

S123 U-shaped-
aggressiveness of 
SARS-CoV-2: Period 
between Initial 
Symptoms and 
Clinical Progression 
to COVID-19 
Suspicion. A 
Population-Based 
Cohort Study 

To determine the aggressiveness of SARS-CoV-2 by 
analyzing symptom progression in COVID-19 patients. 

S124 Using research to 
prepare for 
outbreaks of severe 
acute respiratory 
infection 

We  present  combined  results  from  the  first  two  
seasons  of  data  collection  for  this  programme 
during 2016?2017, where the primary circu-lating  
respiratory  viruses  were  influenza  A  (H3N2)  and  
A(H1N1)pdm09. 

S125 Using routine 
emergency 
department data for 
syndromic 
surveillance of acute 
respiratory illness, 
Germany, week 10 
2017 until week 10 
2021 

In this work, we aimed to describe emergency-
department attendances for acute respiratory illness 
in Germany over time, for the purpose of developing 
and implementing syndromic surveillance. 

S126 Viral etiology, 
seasonality and 
severity of 
hospitalized patients 
with severe acute 
respiratory 
infections in the 
Eastern 
Mediterranean 
Region, 2007-2014 

Describe viral aetiology of ARI in Eastern Med 2007 -
14 
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S022 Peer-reviewed article 14/02/2013 11/04/2010 10/04/2011 
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S024 Peer-reviewed article 30/09/2021 07/03/2020 20/07/2020 
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S029 Peer-reviewed article 24/12/2014 24/07/2009 05/09/2010 

S030 Peer-reviewed article 01/07/2013 01/05/2009 31/12/2010 

S031 Peer-reviewed article 23/10/2017 01/05/2013 31/12/2016 

S032 Peer-reviewed article 24/04/2015 01/06/2009 31/10/2013 

S033 Peer-reviewed article 05/12/2022 01/02/2021 30/11/2021 

S034 Peer-reviewed article 22/02/2013 01/10/2002 31/05/2009 

S035 Peer-reviewed article 09/10/2017 01/10/2006 31/12/2011 

S036 Peer-reviewed article 01/12/2016 01/10/2010 01/06/2015 

S037 Peer-reviewed article 01/07/2022 29/12/2019 31/12/2020 

S038 Peer-reviewed article 16/07/2012 01/08/2009 31/12/2009 

S039 Peer-reviewed article 16/10/2012 01/12/2011 10/02/2012 

S040 Peer-reviewed article 29/06/2022 01/03/2020 31/10/2021 

S041 Peer-reviewed article 15/10/2019 01/01/2009 31/12/2017 

S042 Peer-reviewed article 07/05/2021 01/01/2016 31/12/2019 

S043 Peer-reviewed article 24/03/2015 01/07/2009 31/12/2013 

S044 Peer-reviewed article 01/03/2021 22/12/2015 22/09/2019 
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S046 Peer-reviewed article 19/05/2016 01/12/2013 30/06/2014 

S047 Peer-reviewed article 26/01/2021 01/01/2003 31/12/2019 

S048 Peer-reviewed article 23/02/2015 01/02/2009 31/12/2012 

S049 Peer-reviewed article 17/11/2022 01/01/2020 30/04/2022 
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S053 Peer-reviewed article 23/02/2012 01/05/2009 31/03/2010 

S054 Peer-reviewed article 19/12/2018 01/01/2007 31/12/2016 

S055 Peer-reviewed article 05/12/2017 01/01/2012 31/12/2015 

S056 Peer-reviewed article 01/02/2023 11/04/2010 10/04/2014 

S057 Peer-reviewed article 14/11/2019 01/01/2017 30/04/2018 

S058 Peer-reviewed article 21/09/2021 10/12/2018 09/12/2019 

S059 Peer-reviewed article 12/08/2020 01/01/2013 01/01/2018 

S060 Peer-reviewed article 26/04/2023 01/01/2018 31/12/2021 

S061 Peer-reviewed article 05/06/2014 01/01/2013 31/05/2013 

S062 Peer-reviewed article 17/01/2022 01/10/2013 30/09/2017 

S063 Peer-reviewed article 06/02/2020 01/01/2010 31/12/2016 

S064 Peer-reviewed article 22/03/2012 01/10/1997 31/03/2010 

S065 Peer-reviewed article 07/03/2014 01/02/2007 30/03/2011 

S066 Peer-reviewed article 18/12/2010 01/12/2002 31/01/2005 

S067 Peer-reviewed article 19/02/2016 01/01/2007 31/12/2011 

S068 Peer-reviewed article 17/10/2019 01/01/2007 31/12/2017 

S069 Peer-reviewed article 14/03/2022 01/12/2009 30/04/2015 

S070 Peer-reviewed article 28/02/2019 01/02/2007 30/06/2013 

S071 Peer-reviewed article 29/01/2016 01/01/2008 01/02/2014 

S072 Peer-reviewed article 22/07/2011 28/04/2009 31/12/2009 

S073 Peer-reviewed article 01/12/2022 01/01/2020 20/08/2020 

S074 Peer-reviewed article 08/09/2016 01/11/2007 01/11/2014 

S075 Peer-reviewed article 18/03/2015 01/02/2009 31/12/2013 

S076 Peer-reviewed article 31/10/2012 01/04/2009 31/12/2009 

S077 Peer-reviewed article 24/06/2019 01/01/2005 31/12/2010 

S078 Peer-reviewed article 13/02/2020 01/12/2012 31/03/2015 

S079 Peer-reviewed article 04/01/2010 03/05/2009 31/07/2009 

S080 Peer-reviewed article 20/12/2012 15/03/2009 30/10/2009 

S081 Surveillance report 07/01/2010 01/04/2008 31/05/2009 

S082 Peer-reviewed article 08/07/2014 01/10/2009 31/12/2009 

S083 Peer-reviewed article 09/06/2020 01/02/2012 01/02/2014 

S084 Peer-reviewed article 01/04/2011 01/06/2009 30/09/2010 

S085 Surveillance report 22/10/2009 19/04/2009 21/08/2009 

S086 Peer-reviewed article 17/12/2020 27/02/2020 08/06/2020 

S087 Peer-reviewed article 08/12/2020 01/10/2011 31/03/2012 

S088 Peer-reviewed article 12/05/2023 01/09/2020 30/04/2021 

S089 Peer-reviewed article 01/12/2022 01/02/2013 31/08/2019 

S090 Peer-reviewed article 26/03/2012 01/12/2011 10/02/2012 

S091 Peer-reviewed article 29/01/2014 15/11/2008 30/04/2010 



S092 Peer-reviewed article 13/09/2016 01/01/2011 31/12/2014 

S093 Peer-reviewed article 02/11/2022 01/04/2020 31/03/2022 

S094 Peer-reviewed article 10/02/2017 01/05/2012 30/04/2015 

S095 Peer-reviewed article 15/10/2014 01/02/2010 31/05/2011 

S096 Peer-reviewed article 29/11/2021 01/03/2020 31/12/2020 

S097 Surveillance report 24/07/2023 01/01/2022 31/12/2023 

S098 Surveillance report 21/05/2023 15/05/2023 21/05/2023 

S099 Peer-reviewed article 30/07/2018 29/09/2015 15/03/2017 

S100 Peer-reviewed article 23/04/2019 01/01/2011 31/12/2016 

S101 Peer-reviewed article 04/04/2019 01/07/2001 29/06/2013 

S102 Peer-reviewed article 01/10/2019 01/01/2009 31/12/2012 

S103 Peer-reviewed article 14/03/2022 01/01/2014 31/12/2018 

S104 Peer-reviewed article 25/02/2015 01/03/2007 28/02/2011 

S105 Peer-reviewed article 01/11/2013 01/02/2009 31/12/2011 

S106 Peer-reviewed article 10/03/2021 19/02/2020 08/04/2020 

S107 Peer-reviewed article 11/01/2017 01/11/2007 31/03/2009 

S108 Peer-reviewed article 30/12/2020 13/01/2020 27/06/2020 

S109 Peer-reviewed article 26/03/2014 01/10/2013 31/01/2014 

S110 Peer-reviewed article 30/09/2019 01/10/2010 30/04/2018 

S111 Peer-reviewed article 31/12/2013 01/11/2007 31/12/2011 

S112 Peer-reviewed article 08/01/2015 01/01/2009 31/12/2012 

S113 Surveillance report 01/09/2011 01/04/2009 31/12/2010 

S114 Surveillance report 09/12/2010 29/06/2009 27/12/2009 

S115 Peer-reviewed article 07/12/2015 01/01/2008 30/06/2013 

S116 Peer-reviewed article 30/09/2019 01/01/2012 31/12/2016 

S117 Peer-reviewed article 15/02/2016 03/11/2013 26/01/2014 

S118 Peer-reviewed article 18/07/2021 01/04/2020 31/01/2021 

S119 Peer-reviewed article 17/12/2018 01/05/2009 31/12/2016 

S120 Peer-reviewed article 01/01/2013 01/06/2009 31/10/2009 

S121 Peer-reviewed article 02/03/2011 05/07/2009 18/07/2009 

S122 Peer-reviewed article 10/11/2013 05/04/2010 08/04/2012 

S123 Peer-reviewed article 03/12/2020 01/01/2020 30/04/2020 

S124 Peer-reviewed article 13/02/2019 01/01/2016 31/08/2017 

S125 Peer-reviewed article 07/07/2022 06/03/2017 13/03/2021 

S126 Peer-reviewed article 13/07/2017 01/02/2007 28/02/2014 
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A2.4.3 Geographical Scope and Case Types

Study details for geographical scope, case types, and recruitment type. As 13 studies

reported severity markers for 2 case types, the total reporting instances is 139 (126 +

13).
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Reporting 
instance 

DETAILS 
study_id 

DETAILS 
geographical 
scope 

DETAILS 
which_country 

POPULATION 
case_type 

RECRUITMENT 
type 

1 S001 Regional Guatemala ili treatment_seeking 

2 S001 Regional Guatemala Severe 
pneumonia 

hospitalised 

3 S002 Regional Mexico sus_covid treatment_seeking 

4 S003 Regional India sus_covid treatment_seeking 

5 S004 Regional USA ari treatment_seeking 
hospitalised 

6 S005 National La Reunion 
island 

ari treatment_seeking 
hospitalised 

7 S006 National Korea ari treatment_seeking 

8 S007 National Sierra Leone sus_covid hospitalised 

9 S008 National Canada sus_covid hospitalised 

10 S009 National Australia ili non_treatment_seeking 

11 S010 National USA ari treatment_seeking 
hospitalised 

12 S011 National Germany sari_sus_covid hospitalised 

13 S012 National Slovak Republic ari_ili treatment_seeking 

14 S013 Regional UK ari hospitalised 

15 S014 National Mexico ili treatment_seeking 
hospitalised 

16 S015 National France ili hospitalised 

17 S016 Regional India sus_covid non_treatment_seeking 

18 S017 National Brazil sari hospitalised 

19 S018 Multinational Brazil, Canada, 
China, France, 
India, Ivory 
Coast, Kenya, 
Lebanon, 
Mexico, Nepal, 
Peru, Romania, 
Russia, Serbia, 
Spain, Turkey, 
Ukraine 

ili hospitalised 

20 S019 Regional France sus_covid treatment_seeking 

21 S020 Regional China sari hospitalised 

22 S021 National France ili hospitalised 

23 S022 Regional Mexico ili treatment_seeking 

24 S023 Regional Egypt sari hospitalised 

25 S024 Regional India sari hospitalised 

26 S025 National Mexico sus_covid treatment_seeking 
hospitalised 

27 S026 Regional Egypt ari hospitalised 

28 S027 Regional Jordan ari hospitalised 

29 S028 National Greece ili treatment_seeking 

30 S029 National Japan ili treatment_seeking 

31 S029 National Japan ili hospitalised 



32 S030 Regional India ili treatment_seeking 
hospitalised 

33 S031 Regional USA ari_ili treatment_seeking 

34 S031 Regional USA sari hospitalised 

35 S032 Regional China ari hospitalised 

36 S033 National Malta sari hospitalised 

37 S034 Regional USA ari hospitalised 

38 S035 National England ari non_treatment_seeking 

39 S035 National England ili non_treatment_seeking 

40 S036 National Uganda ili treatment_seeking 

41 S036 National Uganda sari hospitalised 

42 S037 National Brazil sari hospitalised 

43 S038 National Mexico ari hospitalised 

44 S039 National Mexico sari hospitalised 

45 S040 National Sierra Leone sus_covid unknown 

46 S041 Regional India ili hospitalised 

47 S042 National Egypt sari hospitalised 

48 S043 Regional Vietnam sari hospitalised 

49 S044 Regional Iran ili treatment_seeking 

50 S044 Regional Iran sari hospitalised 

51 S045 Regional Malawi sari treatment_seeking 

52 S046 Multinational Russia, Turkey, 
China, Spain 

ili hospitalised 

53 S047 Regional Brazil ari treatment_seeking 

54 S047 Regional Brazil sari treatment_seeking 

55 S048 National South Africa sari hospitalised 

56 S049 National Egypt ili_sari treatment_seeking 
hospitalised 

57 S050 National Bangladesh sus_covid treatment_seeking 
hospitalised 

58 S051 National Germany sari hospitalised 

59 S052 National Australia ili treatment_seeking 

60 S052 National Australia ili non_treatment_seeking 

61 S053 Regional USA ari hospitalised 

62 S054 National Netherlands sari icu 

63 S055 National Oman sari hospitalised 

64 S056 Regional Mexico ili treatment_seeking 

65 S057 Regional USA ili treatment_seeking 

66 S058 Regional Zambia ili treatment_seeking 

67 S059 Regional Brazil sari treatment_seeking 

68 S060 National Bahrain sari hospitalised 

69 S061 Multinational Russia, Turkey, 
France, Spain 

ili hospitalised 

70 S062 Regional USA ari non_treatment_seeking 

71 S063 National Saudi Arabia ili hospitalised 

72 S064 National France ili treatment_seeking 

73 S065 Regional Vietnam ari hospitalised 

74 S066 Regional Greece ari hospitalised 



75 S067 Regional China ili treatment_seeking 

76 S068 National Singapore ili treatment_seeking 

77 S069 Regional Germany ili treatment_seeking 

78 S070 Regional Vietnam ari hospitalised 

79 S071 National Jordan sari hospitalised 

80 S072 Regional Brazil ari_ili treatment_seeking 

81 S073 Regional Brazil sus_covid unknown 

82 S074 National Egypt sari hospitalised 

83 S075 National South Africa sari hospitalised 

84 S076 National Argentina ili non_treatment_seeking 

85 S077 National Taiwan ili unknown 

86 S078 National France ili hospitalised 

87 S079 Regional USA ili hospitalised 

88 S080 Regional Mexico ili unknown 

89 S081 Regional Chile sari treatment_seeking 

90 S082 Multinational Argentina, 
Australia, 
Austria, 
Belgium, Chile, 
China, 
Denmark, 
Estonia, 
Germany, 
Greece, 
Norway, Peru, 
Poland, Spain, 
Thailand, 
United 
Kingdom, 
United States 

ili treatment_seeking 

91 S082 Multinational Argentina, 
Australia, 
Austria, 
Belgium, Chile, 
China, 
Denmark, 
Estonia, 
Germany, 
Greece, 
Norway, Peru, 
Poland, Spain, 
Thailand, 
United 
Kingdom, 
United States 

ili hospitalised 

92 S083 National Egypt sari hospitalised 

93 S083 National Egypt sari icu 

94 S084 Regional Serbia sari hospitalised 

95 S085 National Brazil ili hospitalised 



96 S086 National Nigeria sus_covid unknown 

97 S087 National Canada ari hospitalised 

98 S088 Regional Brazil sus_covid treatment_seeking 
hospitalised 

99 S089 Regional Colombia ari treatment_seeking 
hospitalised 

100 S090 National Mexico ari hospitalised 

101 S091 Multinational Belgium, 
Canada, Czech 
Rep., Estonia, 
France, 
Germany, 
Mexico, 
Norway, 
Poland, 
Romania, 
Russia, Taiwan, 
Netherlands, 
UK, USA 

ili non_treatment_seeking 

102 S092 Regional Malawi sari treatment_seeking 

103 S093 Regional South Africa ili_sus_covid treatment_seeking 

104 S093 Regional South Africa sari_sus_covid hospitalised 

105 S094 Regional South Africa sari hospitalised 

106 S094 Regional South Africa ili treatment_seeking 

107 S095 Regional Egypt sari hospitalised 

108 S096 National Bangladesh sari hospitalised 

109 S097 National New Zealand sari hospitalised 

110 S098 Regional Ireland sari hospitalised 

111 S099 National Georgia sari hospitalised 

112 S100 National Yemen sari hospitalised 

113 S101 Regional USA maari hospitalised 

114 S102 Multinational Dem. Rep. 
Congo, Kenya, 
Madagascar, 
Malawi, 
Rwanda, South 
Africa, 
Tanzania, 
Uganda 

sari hospitalised 

115 S103 National Kenya sari hospitalised 

116 S104 Regional Kenya sari treatment_seeking 

117 S105 National South Africa sari hospitalised 

118 S106 National Iran sari_sus_covid hospitalised 

119 S107 Regional Netherlands ari treatment_seeking 

120 S108 National Mexico sus_covid unknown 

121 S109 National Mexico sari hospitalised 

122 S110 Regional Italy ili hospitalised 

123 S111 Regional Guatemala ari hospitalised 



124 S112 Multinational Albania, 
Armenia, 
Belarus, 
Georgia, 
Kazakhstan, 
Kyrgyzstan, 
Romania, 
Russia, Ukraine 

sari hospitalised 

125 S113 Regional Italy ili hospitalised 

126 S114 National Iceland ili treatment_seeking 
hospitalised 

127 S115 National Oman sari hospitalised 

128 S116 National Kenya ili treatment_seeking 

129 S116 National Kenya sari hospitalised 

130 S117 Multinational Austria, 
Belgium, Czech 
Republic, 
Croatia, 
Denmark, 
Finland, France, 
Georgia, 
Germany, 
Greece, Ireland, 
Italy, Lithuania, 
Macedonia, 
Netherlands, 
Poland, 
Portugal, 
Romania, 
Slovenia, Spain, 
United 
Kingdom, Iran, 
Qatar, Saudi 
Arabia, Turkey, 
United Arab 
Emirates, 
United States, 
Argentina, 
Brazil, Chile, 
Colombia, 
Ecuador, 
Mexico, Peru, 
Venezuela, 
Australia, 
China, 
Philippines, 
Vietnam, India, 
Pakistan, Sri 
Lanka 

sari icu 

131 S118 Regional Brazil sari_sus_covid hospitalised 



132 S119 National Ecuador ili_sari treatment_seeking 
hospitalised 

133 S120 National Mexico ili_sari treatment_seeking 
hospitalised 

134 S121 National UK ili treatment_seeking 
hospitalised 

135 S122 Regional China sari hospitalised 

136 S123 National Mexico sus_covid treatment_seeking 
hospitalised 

137 S124 Multinational Canada, USA, 
Mexico, UK, 
France, Finland, 
Saudi Arabia, 
Malawi, Kenya, 
India, China,  
Korea, Vietnam, 
Cambodia, 
Australia, NZ, 
Madagascar, 
Ireland 

sari icu 

138 S125 National Germany ari treatment_seeking 

139 S126 Multinational Egypt, Jordan, 
Oman, Qatar, 
Yemen 

sari hospitalised 
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A2.5 STUDY DATES

Figure A2.1: Counts of included studies by study data year (not publication date). Yellow shaded
area: H1N1 influenza pandemic; blue shaded area: SARS-CoV-2 pandemic. Shaded bars
rounded to the nearest year.

337



Chapter A2

A2.6 SEVERITY MARKER REPORTING BY RECRUITMENT TYPE

Table A2.6: Frequency of severity markers by recruitment type

Recruitment type Group Severity marker Frequency

All types

All types Death Death 100 (71.9%)

All types ICU-related ICU admission 62 (44.6%)

All types ICU-related Ventilation 48 (34.5%)

All types Symptom Cough 47 (33.8%)

All types Symptom Shortness of breath 42 (30.2%)

All types Symptom Fever 41 (29.5%)

All types Hospital Hospital length of stay 41 (29.5%)

All types Hospital IV fluids 38 (27.3%)

All types Symptom Sorethroat 36 (25.9%)

All types Symptom Coryza rhinorrea congestion 30 (21.6%)

All types Symptom Myalgia arthralgia 30 (21.6%)

All types Symptom Diarrhea 27 (19.4%)

All types Symptom Nausea vomiting 27 (19.4%)

All types Hospital Hospital admission 27 (19.4%)

All types Symptom Malaise anorexia 23 (16.6%)

All types Treatment Antivirals 21 (15.1%)

All types Treatment Antibiotics 19 (13.7%)

All types Complications Respiratory complications 18 (12.9%)

All types Signs Temperature 17 (12.2%)

All types Symptom Chest pain 15 (10.8%)

All types Signs O2 saturation 15 (10.8%)

All types Signs Respiratory rate 14 (10.1%)

All types Signs Chest signs 13 (9.3%)

All types Symptom Productive cough 12 (8.6%)

All types Investigations White cell count 11 (7.9%)

All types Complications Cardiac complications 11 (7.9%)

All types Complications Neurological complications 11 (7.9%)

All types Symptom Abdominal pain 10 (7.2%)

All types Score Project specific composite 10 (7.2%)

All types Symptom Length of illness 9 (6.5%)

All types Investigations Chest xray 9 (6.5%)

All types Symptom Convulsions 8 (5.8%)

All types Symptom Loss of taste or smell 8 (5.8%)
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Table A2.6 continued

Recruitment type Group Severity marker Frequency

All types Symptom Haemoptysis 7 (5.0%)

All types Absence Work absence 7 (5.0%)

All types Signs Respiratory distress 7 (5.0%)

All types ICU-related ECMO 7 (5.0%)

All types Signs Pulse rate 6 (4.3%)

All types Hospital Hospital attendance advised 6 (4.3%)

All types Absence School absence 5 (3.6%)

All types Investigations Inflammatory markers 5 (3.6%)

All types Complications Renal complications 5 (3.6%)

All types Hospital O2 therapy 5 (3.6%)

All types ICU-related ICU length of stay 5 (3.6%)

All types Signs Blood pressure 4 (2.9%)

All types Signs Cyanosis 4 (2.9%)

All types Complications Organ failure 4 (2.9%)

All types Complications Sepsis 4 (2.9%)

All types Death HSB 3 (2.2%)

All types Symptom Confusion 3 (2.2%)

All types Symptom Ear pain 3 (2.2%)

All types Score Sofa score 3 (2.2%)

All types Investigations Urea electrolytes 3 (2.2%)

All types Hospital Duration O2 therapy 3 (2.2%)

All types Score Who severity 2 (1.4%)

All types Investigations Liver function tests 2 (1.4%)

All types Hospital Hospital attendance 2 (1.4%)

All types ICU-related Duration ventilation 2 (1.4%)

All types ICU-related Inotropes 2 (1.4%)

All types Symptom Irritability 1 (0.7%)

All types Symptom Retroocular pain 1 (0.7%)

All types Score American academy pediatrics guideline

criteria

1 (0.7%)

All types Score Apache iv 1 (0.7%)

All types Score Barthel index 1 (0.7%)

All types Score Euroqol 1 (0.7%)

All types Score Gcs 1 (0.7%)

All types Score Iss 1 (0.7%)

All types Score Mews 1 (0.7%)
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Table A2.6 continued

Recruitment type Group Severity marker Frequency

All types Score Paediatric chinese medical association 1 (0.7%)

All types Score Pediatric risk of mortality iii score 1 (0.7%)

All types Score Saps 2 score 1 (0.7%)

All types Score ViVI score 1 (0.7%)

All types Investigations Arterial blood gas 1 (0.7%)

All types Investigations Fibronogen 1 (0.7%)

All types Investigations Procalcitonin 1 (0.7%)

All types Complications Shock 1 (0.7%)

All types Treatment Steroids 1 (0.7%)

Hospitalised

Hospitalised Death Death 63 (87.5%)

Hospitalised ICU-related ICU admission 51 (70.8%)

Hospitalised Hospital Hospital length of stay 36 (50.0%)

Hospitalised ICU-related Ventilation 34 (47.2%)

Hospitalised Symptom Cough 23 (31.9%)

Hospitalised Symptom Shortness of breath 21 (29.2%)

Hospitalised Symptom Fever 19 (26.4%)

Hospitalised Hospital Hospital admission 18 (25.0%)

Hospitalised Symptom Sorethroat 15 (20.8%)

Hospitalised Symptom Coryza rhinorrea congestion 13 (18.1%)

Hospitalised Treatment Antibiotics 13 (18.1%)

Hospitalised Complications Respiratory complications 12 (16.7%)

Hospitalised Symptom Myalgia arthralgia 11 (15.3%)

Hospitalised Signs Chest signs 10 (13.9%)

Hospitalised Signs Temperature 10 (13.9%)

Hospitalised Symptom Diarrhea 9 (12.5%)

Hospitalised Symptom Nausea vomiting 9 (12.5%)

Hospitalised Treatment Antivirals 9 (12.5%)

Hospitalised Symptom Malaise anorexia 8 (11.1%)

Hospitalised Signs Respiratory rate 8 (11.1%)

Hospitalised Investigations Chest xray 8 (11.1%)

Hospitalised Complications Cardiac complications 8 (11.1%)

Hospitalised Complications Neurological complications 7 (9.7%)

Hospitalised Symptom Productive cough 6 (8.3%)

Hospitalised Investigations White cell count 6 (8.3%)

Hospitalised ICU-related ECMO 6 (8.3%)
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Table A2.6 continued

Recruitment type Group Severity marker Frequency

Hospitalised Symptom Chest pain 5 (6.9%)

Hospitalised Symptom Convulsions 5 (6.9%)

Hospitalised Signs O2 saturation 5 (6.9%)

Hospitalised Hospital Hospital attendance advised 4 (5.6%)

Hospitalised Symptom Abdominal pain 3 (4.2%)

Hospitalised Symptom Haemoptysis 3 (4.2%)

Hospitalised Score Project specific composite 3 (4.2%)

Hospitalised Complications Renal complications 3 (4.2%)

Hospitalised Complications Sepsis 3 (4.2%)

Hospitalised Symptom Length of illness 2 (2.8%)

Hospitalised Symptom Loss of taste or smell 2 (2.8%)

Hospitalised Signs Cyanosis 2 (2.8%)

Hospitalised Signs Pulse rate 2 (2.8%)

Hospitalised Signs Respiratory distress 2 (2.8%)

Hospitalised Hospital IV fluids 2 (2.8%)

Hospitalised ICU-related ICU length of stay 2 (2.8%)

Hospitalised ICU-related Duration ventilation 2 (2.8%)

Hospitalised Signs Blood pressure 1 (1.4%)

Hospitalised Score Barthel index 1 (1.4%)

Hospitalised Score GCS 1 (1.4%)

Hospitalised Score Pediatric risk of mortality iii score 1 (1.4%)

Hospitalised Score Who severity 1 (1.4%)

Hospitalised Investigations Inflammatory markers 1 (1.4%)

Hospitalised Investigations Urea electrolytes 1 (1.4%)

Hospitalised Complications Organ failure 1 (1.4%)

Hospitalised Complications Shock 1 (1.4%)

Hospitalised Treatment Steroids 1 (1.4%)

Hospitalised Hospital Hospital attendance 1 (1.4%)

Intensive care

Intensive care Death Death 4 (100.0%)

Intensive care ICU-related ICU length of stay 3 (75.0%)

Intensive care ICU-related Ventilation 3 (75.0%)

Intensive care Symptom Cough 2 (50.0%)

Intensive care Symptom Nausea vomiting 2 (50.0%)

Intensive care Symptom Shortness of breath 2 (50.0%)

Intensive care Score SOFA score 2 (50.0%)
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Table A2.6 continued

Recruitment type Group Severity marker Frequency

Intensive care Symptom Convulsions 1 (25.0%)

Intensive care Symptom Coryza rhinorrea congestion 1 (25.0%)

Intensive care Symptom Productive cough 1 (25.0%)

Intensive care Symptom Diarrhea 1 (25.0%)

Intensive care Symptom Fever 1 (25.0%)

Intensive care Symptom Myalgia arthralgia 1 (25.0%)

Intensive care Symptom Sorethroat 1 (25.0%)

Intensive care Signs Chest signs 1 (25.0%)

Intensive care Score APACHE IV 1 (25.0%)

Intensive care Score SAPS 2 score 1 (25.0%)

Intensive care Investigations Chest xray 1 (25.0%)

Intensive care Complications Organ failure 1 (25.0%)

Intensive care Complications Respiratory complications 1 (25.0%)

Intensive care Treatment Antibiotics 1 (25.0%)

Non treatment seeking

Non treatment seeking Absence Work absence 5 (62.5%)

Non treatment seeking Absence School absence 4 (50.0%)

Non treatment seeking Symptom Cough 3 (37.5%)

Non treatment seeking Symptom Fever 3 (37.5%)

Non treatment seeking Symptom Length of illness 3 (37.5%)

Non treatment seeking Symptom Myalgia arthralgia 3 (37.5%)

Non treatment seeking Death Death 2 (25.0%)

Non treatment seeking Death HSB 2 (25.0%)

Non treatment seeking Symptom Coryza rhinorrea congestion 2 (25.0%)

Non treatment seeking Symptom Sorethroat 2 (25.0%)

Non treatment seeking Hospital IV fluids 2 (25.0%)

Non treatment seeking Hospital O2 therapy 2 (25.0%)

Non treatment seeking Symptom Abdominal pain 1 (12.5%)

Non treatment seeking Symptom Diarrhea 1 (12.5%)

Non treatment seeking Symptom Malaise anorexia 1 (12.5%)

Non treatment seeking Symptom Nausea vomiting 1 (12.5%)

Non treatment seeking Symptom Shortness of breath 1 (12.5%)

Non treatment seeking Signs O2 saturation 1 (12.5%)

Non treatment seeking Score ISS 1 (12.5%)

Non treatment seeking Score Paediatric chinese medical association 1 (12.5%)

Non treatment seeking Investigations Fibronogen 1 (12.5%)
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Table A2.6 continued

Recruitment type Group Severity marker Frequency

Non treatment seeking Investigations Inflammatory markers 1 (12.5%)

Non treatment seeking Investigations Liver function tests 1 (12.5%)

Non treatment seeking Investigations Procalcitonin 1 (12.5%)

Non treatment seeking Investigations Urea electrolytes 1 (12.5%)

Non treatment seeking Investigations White cell count 1 (12.5%)

Non treatment seeking Complications Cardiac complications 1 (12.5%)

Non treatment seeking Complications Neurological complications 1 (12.5%)

Non treatment seeking Complications Respiratory complications 1 (12.5%)

Non treatment seeking Complications Renal complications 1 (12.5%)

Non treatment seeking Hospital Hospital admission 1 (12.5%)

Non treatment seeking Hospital Duration O2 therapy 1 (12.5%)

Non treatment seeking Hospital Hospital length of stay 1 (12.5%)

Non treatment seeking ICU-related Ventilation 1 (12.5%)

Non treatment seeking ICU-related Inotropes 1 (12.5%)

Treatment seeking

Treatment seeking Hospital IV fluids 23 (67.7%)

Treatment seeking Death Death 14 (41.2%)

Treatment seeking Symptom Cough 13 (38.2%)

Treatment seeking Symptom Shortness of breath 13 (38.2%)

Treatment seeking Symptom Diarrhea 12 (35.3%)

Treatment seeking Symptom Fever 12 (35.3%)

Treatment seeking Symptom Sorethroat 11 (32.4%)

Treatment seeking Symptom Coryza rhinorrea congestion 9 (26.5%)

Treatment seeking Symptom Myalgia arthralgia 9 (26.5%)

Treatment seeking Symptom Nausea vomiting 9 (26.5%)

Treatment seeking Signs O2 saturation 9 (26.5%)

Treatment seeking Symptom Malaise anorexia 8 (23.5%)

Treatment seeking Hospital Hospital admission 8 (23.5%)

Treatment seeking Treatment Antivirals 7 (20.6%)

Treatment seeking Symptom Chest pain 6 (17.6%)

Treatment seeking Signs Temperature 6 (17.6%)

Treatment seeking Score Project specific composite 6 (17.6%)

Treatment seeking Signs Respiratory rate 5 (14.7%)

Treatment seeking Signs Respiratory distress 5 (14.7%)

Treatment seeking Treatment Antibiotics 5 (14.7%)

Treatment seeking Symptom Productive cough 4 (11.8%)
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Table A2.6 continued

Recruitment type Group Severity marker Frequency

Treatment seeking Signs Pulse rate 4 (11.8%)

Treatment seeking ICU-related ICU admission 4 (11.8%)

Treatment seeking Symptom Haemoptysis 3 (8.8%)

Treatment seeking Symptom Length of illness 3 (8.8%)

Treatment seeking Symptom Loss of taste or smell 3 (8.8%)

Treatment seeking Signs Blood pressure 3 (8.8%)

Treatment seeking Investigations Inflammatory markers 3 (8.8%)

Treatment seeking Investigations White cell count 3 (8.8%)

Treatment seeking Symptom Abdominal pain 2 (5.9%)

Treatment seeking Symptom Confusion 2 (5.9%)

Treatment seeking Symptom Convulsions 2 (5.9%)

Treatment seeking Symptom Ear pain 2 (5.9%)

Treatment seeking Signs Chest signs 2 (5.9%)

Treatment seeking Complications Neurological complications 2 (5.9%)

Treatment seeking Complications Respiratory complications 2 (5.9%)

Treatment seeking Hospital Hospital attendance advised 2 (5.9%)

Treatment seeking Hospital O2 therapy 2 (5.9%)

Treatment seeking Hospital Duration O2 therapy 2 (5.9%)

Treatment seeking Hospital Hospital length of stay 2 (5.9%)

Treatment seeking ICU-related Ventilation 2 (5.9%)

Treatment seeking Death HSB 1 (2.9%)

Treatment seeking Absence School absence 1 (2.9%)

Treatment seeking Absence Work absence 1 (2.9%)

Treatment seeking Signs Cyanosis 1 (2.9%)

Treatment seeking Score American academy pediatrics guideline

criteria

1 (2.9%)

Treatment seeking Score MEWS 1 (2.9%)

Treatment seeking Score SOFA score 1 (2.9%)

Treatment seeking Score Vivl score 1 (2.9%)

Treatment seeking Score Who severity 1 (2.9%)

Treatment seeking Investigations Arterial blood gas 1 (2.9%)

Treatment seeking Investigations Liver function tests 1 (2.9%)

Treatment seeking Investigations Urea electrolytes 1 (2.9%)

Treatment seeking Complications Cardiac complications 1 (2.9%)

Treatment seeking Complications Organ failure 1 (2.9%)

Treatment seeking Complications Renal complications 1 (2.9%)
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Table A2.6 continued

Recruitment type Group Severity marker Frequency

Treatment seeking Complications Sepsis 1 (2.9%)

Treatment seeking Hospital Hospital attendance 1 (2.9%)

Treatment seeking ICU-related Inotropes 1 (2.9%)

Treatment seeking hospitalised

Treatment seeking

hospitalised

Death Death 11 (73.3%)

Treatment seeking

hospitalised

Hospital IV fluids 10 (66.7%)

Treatment seeking

hospitalised

ICU-related Ventilation 7 (46.7%)

Treatment seeking

hospitalised

ICU-related ICU admission 6 (40.0%)

Treatment seeking

hospitalised

Symptom Nausea vomiting 5 (33.3%)

Treatment seeking

hospitalised

Symptom Sorethroat 5 (33.3%)

Treatment seeking

hospitalised

Symptom Coryza rhinorrea congestion 4 (26.7%)

Treatment seeking

hospitalised

Symptom Cough 4 (26.7%)

Treatment seeking

hospitalised

Symptom Fever 4 (26.7%)

Treatment seeking

hospitalised

Symptom Malaise anorexia 4 (26.7%)

Treatment seeking

hospitalised

Symptom Myalgia arthralgia 4 (26.7%)

Treatment seeking

hospitalised

Treatment Antivirals 4 (26.7%)

Treatment seeking

hospitalised

Symptom Abdominal pain 3 (20.0%)

Treatment seeking

hospitalised

Symptom Diarrhea 3 (20.0%)

Treatment seeking

hospitalised

Symptom Shortness of breath 3 (20.0%)
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Table A2.6 continued

Recruitment type Group Severity marker Frequency

Treatment seeking

hospitalised

Symptom Chest pain 2 (13.3%)

Treatment seeking

hospitalised

Symptom Loss of taste or smell 2 (13.3%)

Treatment seeking

hospitalised

Complications Respiratory complications 2 (13.3%)

Treatment seeking

hospitalised

Hospital Hospital length of stay 2 (13.3%)

Treatment seeking

hospitalised

Symptom Productive cough 1 (6.7%)

Treatment seeking

hospitalised

Symptom Ear pain 1 (6.7%)

Treatment seeking

hospitalised

Symptom Haemoptysis 1 (6.7%)

Treatment seeking

hospitalised

Symptom Length of illness 1 (6.7%)

Treatment seeking

hospitalised

Symptom Retroocular pain 1 (6.7%)

Treatment seeking

hospitalised

Absence Work absence 1 (6.7%)

Treatment seeking

hospitalised

Signs Temperature 1 (6.7%)

Treatment seeking

hospitalised

Score EUROQOL 1 (6.7%)

Treatment seeking

hospitalised

Score Project specific composite 1 (6.7%)

Treatment seeking

hospitalised

Complications Cardiac complications 1 (6.7%)

Treatment seeking

hospitalised

Complications Neurological complications 1 (6.7%)

Treatment seeking

hospitalised

Complications Organ failure 1 (6.7%)

Treatment seeking

hospitalised

Hospital O2 therapy 1 (6.7%)
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Table A2.6 continued

Recruitment type Group Severity marker Frequency

Treatment seeking

hospitalised

ICU-related ECMO 1 (6.7%)

Unknown

Unknown Death Death 6 (100.0%)

Unknown Symptom Chest pain 2 (33.3%)

Unknown Symptom Cough 2 (33.3%)

Unknown Symptom Fever 2 (33.3%)

Unknown Symptom Malaise anorexia 2 (33.3%)

Unknown Symptom Myalgia arthralgia 2 (33.3%)

Unknown Symptom Shortness of breath 2 (33.3%)

Unknown Symptom Sorethroat 2 (33.3%)

Unknown Symptom Abdominal pain 1 (16.7%)

Unknown Symptom Confusion 1 (16.7%)

Unknown Symptom Coryza rhinorrea congestion 1 (16.7%)

Unknown Symptom Diarrhea 1 (16.7%)

Unknown Symptom Irritability 1 (16.7%)

Unknown Symptom Loss of taste or smell 1 (16.7%)

Unknown Symptom Nausea vomiting 1 (16.7%)

Unknown Signs Cyanosis 1 (16.7%)

Unknown Signs Respiratory rate 1 (16.7%)

Unknown Investigations White cell count 1 (16.7%)

Unknown Treatment Antivirals 1 (16.7%)

Unknown Hospital IV fluids 1 (16.7%)

Unknown ICU-related ICU admission 1 (16.7%)

Unknown ICU-related Ventilation 1 (16.7%)

Notes: Percentages represent the proportion of studies within each recruitment type that

reported the specified severity marker. HSB: health service burden; ICU: intensive care

unit; ECMO: extracorporeal membrane oxygenation; MEWS: Modified Early Warning

Score; SOFA: Sequential Organ Failure Assessment; SAPS: Simplified Acute Physiology

Score; GCS: Glasgow Coma Scale; ISS: Injury Severity Score.
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Chapter 4 Data quality assessment

A3.1 RECORDING COMPLETENESS OF CLINICAL SIGNS AND

SCORES BY AGE GROUP

Figure A3.1: Completeness of recording of clinical signs and clinical scores by all ARI and ARI
subtype. ARI: Acute respiratory infection; URTI: Upper respiratory tract infection;LRTI: lower

respiratory tract infection; ILI: Influenza-like illness, ECLD: Exacerbation of chronic lung
disease; Sus COVID: suspected COVID-19; ARI NOS: ARI not otherwise specified; O2 Sats:
Periperhal oxygen saturation; GCS: Glasgow Coma Scale; NEWS2: National Early Warning

Score 2.

348



Chapter A3

A3.2 CALIBRATION PLOT FOR MULTIPLE-VARIABLE LOGIS-

TIC REGRESSION COMPLETENESS ANALYSIS

Figure A3.2: Multiple-variable Logistic regression calibration plot highlighting how model’s
predicted probabilities align with the observed outcomes

A3.3 MEDIAN WEEKLY RECORDING RATES BY STUDY PE-

RIOD

Table A3.1: Median weekly rate (%) and interquartile range (IQR) for each severity marker by
period

Severity marker All Period 1 Period 2 Period 3 Period 4

Any severe

outcome

8.52

(6.57–10.03)

5.68

(4.74–6.69)

8.83

(8.31–9.90)

10.73

(9.64–12.30)

10.26

(9.63–11.46)

Any

complication

0.22

(0.04–0.34)

0.04

(0.03–0.05)

0.26

(0.09–0.35)

0.33

(0.28–0.41)

0.35

(0.30–0.39)

Continued on next page
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Table A3.1: Median weekly rate (%) and interquartile range (IQR) for each severity marker by
period (continued)

Severity marker All Period 1 Period 2 Period 3 Period 4

Sepsis 0.20

(0.04–0.30)

0.03

(0.02–0.04)

0.25

(0.08–0.33)

0.28

(0.23–0.34)

0.30

(0.25–0.34)

Acute respiratory

failure

0.01

(0.00–0.03)

0.00

(0.00–0.00)

0.01

(0.00–0.01)

0.04

(0.03–0.06)

0.04

(0.03–0.06)

Cardiac arrest 0.01

(0.00–0.01)

0.01

(0.00–0.01)

0.01

(0.00–0.01)

0.01

(0.01–0.02)

0.01

(0.01–0.02)

Any hospital 8.10

(6.09–9.58)

5.27

(4.29–6.25)

8.39

(7.85–9.45)

10.08

(9.10–11.42)

9.79

(9.10–10.84)

Attendance 7.13

(5.37–8.53)

4.50

(3.60–5.56)

7.36

(6.86–8.34)

8.97

(8.19–10.02)

8.80

(8.18–9.62)

Hospital

admission

1.71

(1.13–2.02)

1.05

(0.96–1.15)

1.96

(1.73–2.15)

2.11

(1.76–2.72)

1.90

(1.74–2.33)

Any ICU 0.01

(0.00–0.01)

0.00

(0.00–0.01)

0.01

(0.00–0.01)

0.02

(0.01–0.03)

0.01

(0.01–0.02)

ICU admission 0.01

(0.00–0.01)

0.00

(0.00–0.01)

0.01

(0.00–0.01)

0.02

(0.01–0.03)

0.01

(0.01–0.02)

Any death 0.60

(0.52–0.69)

0.52

(0.46–0.59)

0.63

(0.58–0.71)

0.79

(0.64–1.45)

0.64

(0.56–0.84)

Died ≤14 days 0.21

(0.17–0.25)

0.17

(0.14–0.20)

0.23

(0.20–0.26)

0.31

(0.24–0.60)

0.25

(0.21–0.34)

Died ≤28 days 0.36

(0.31–0.42)

0.31

(0.27–0.35)

0.38

(0.35–0.43)

0.51

(0.40–0.92)

0.41

(0.35–0.57)

Died ≤56 days 0.60

(0.52–0.69)

0.52

(0.46–0.59)

0.63

(0.58–0.71)

0.79

(0.64–1.45)

0.64

(0.56–0.84)

Continued on next page
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Table A3.1: Median weekly rate (%) and interquartile range (IQR) for each severity marker by
period (continued)

Severity marker All Period 1 Period 2 Period 3 Period 4

Any predictor 76.73

(72.27–83.02)

71.94

(70.13–73.54)

80.80

(77.59–83.45)

75.31

(71.85–78.66)

81.96

(74.30–86.70)

Any symptom 4.11

(2.54–5.29)

2.31

(2.10–2.57)

4.39

(3.72–4.90)

6.10

(5.06–8.45)

5.85

(5.19–6.72)

Dyspnoea 1.62

(1.28–2.72)

1.21

(1.05–1.34)

1.68

(1.44–2.01)

3.32

(2.66–5.18)

3.32

(2.87–4.20)

Fever 1.45

(0.68–1.94)

0.54

(0.47–0.70)

1.88

(1.50–2.15)

2.02

(1.60–3.06)

1.61

(1.44–2.20)

Malaise 0.86

(0.51–1.07)

0.46

(0.41–0.53)

1.02

(0.85–1.19)

0.97

(0.84–1.34)

1.00

(0.91–1.12)

Haemoptysis 0.08

(0.06–0.10)

0.06

(0.05–0.07)

0.08

(0.06–0.09)

0.11

(0.09–0.14)

0.12

(0.10–0.14)

Confusion 0.06

(0.04–0.09)

0.04

(0.03–0.05)

0.06

(0.05–0.07)

0.12

(0.09–0.18)

0.12

(0.09–0.15)

Parental concern 0.05

(0.04–0.07)

0.04

(0.03–0.05)

0.05

(0.04–0.07)

0.08

(0.05–0.15)

0.06

(0.04–0.10)

Any health

seeking

1.15

(0.09–4.63)

0.07

(0.06–0.10)

1.25

(0.78–1.98)

6.09

(4.92–7.44)

5.08

(4.75–6.31)

NHS 111 1.01

(0.01–3.72)

0.00

(0.00–0.01)

1.06

(0.70–1.58)

4.91

(4.12–6.31)

4.18

(3.89–5.35)

Ambulance

encounter

0.14

(0.07–1.01)

0.07

(0.05–0.08)

0.22

(0.09–0.46)

1.26

(1.07–1.54)

1.22

(1.06–1.39)

Any absenteeism 3.55

(2.61–4.32)

2.32

(1.94–2.73)

3.72

(3.36–4.15)

4.93

(4.01–5.78)

4.58

(3.96–5.32)

Continued on next page
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Table A3.1: Median weekly rate (%) and interquartile range (IQR) for each severity marker by
period (continued)

Severity marker All Period 1 Period 2 Period 3 Period 4

Work

absenteeism

3.55

(2.61–4.32)

2.32

(1.94–2.73)

3.72

(3.36–4.15)

4.93

(4.01–5.78)

4.58

(3.96–5.32)

Any sign 31.95

(18.76–51.81)

17.56

(16.14–20.98)

48.58

(38.24–56.23)

26.14

(20.57–32.64)

41.50

(24.75–55.31)

Temperature 18.72

(6.02–37.91)

3.54

(2.90–7.00)

32.26

(23.30–39.78)

16.98

(12.53–22.52)

30.17

(15.40–42.69)

Pulse rate 14.00

(5.21–32.34)

3.91

(2.69–5.47)

25.94

(15.49–34.16)

16.23

(11.51–21.69)

28.01

(15.06–40.48)

Blood pressure 13.61

(11.56–17.06)

12.18

(11.36–12.98)

17.12

(14.39–19.87)

9.87

(8.75–11.54)

13.25

(9.60–17.03)

O2 saturation 12.99

(3.22–29.30)

1.82

(1.08–3.51)

24.22

(14.83–31.87)

13.51

(9.71–19.13)

24.75

(12.47–36.77)

Respiratory rate 5.63

(1.37–12.70)

0.82

(0.60–1.53)

9.42

(4.92–13.01)

7.76

(5.65–9.99)

12.45

(7.25–17.79)

Chest signs 1.62

(1.40–2.10)

1.42

(1.34–1.52)

2.01

(1.78–2.27)

1.36

(1.21–1.55)

1.67

(1.34–2.31)

Capillary refill 1.39

(0.36–3.86)

0.21

(0.12–0.40)

3.07

(1.38–4.54)

2.41

(1.26–3.02)

3.37

(1.89–4.54)

Work of

breathing

0.01

(0.01–0.02)

0.01

(0.00–0.01)

0.01

(0.01–0.02)

0.02

(0.01–0.03)

0.02

(0.01–0.02)

Cyanosis 0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.01)

0.00

(0.00–0.01)

Any score 2.05

(0.19–3.24)

0.15

(0.11–0.21)

2.62

(1.00–3.45)

2.48

(2.22–3.04)

3.17

(2.40–4.60)

Continued on next page
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Table A3.1: Median weekly rate (%) and interquartile range (IQR) for each severity marker by
period (continued)

Severity marker All Period 1 Period 2 Period 3 Period 4

AVPU 0.96

(0.18–1.96)

0.14

(0.10–0.19)

1.20

(0.30–2.04)

1.44

(1.22–1.97)

1.94

(1.39–2.19)

Centor 0.74

(0.00–1.12)

0.00

(0.00–0.00)

1.03

(0.68–1.35)

0.87

(0.73–1.16)

0.99

(0.81–1.21)

NICE paediatric

traffic light

0.02

(0.01–0.04)

0.00

(0.00–0.01)

0.05

(0.02–0.07)

0.02

(0.01–0.03)

0.03

(0.02–0.04)

CRB65 0.02

(0.00–0.07)

0.00

(0.00–0.01)

0.07

(0.03–0.11)

0.01

(0.01–0.03)

0.03

(0.01–0.06)

GCS 0.01

(0.00–0.04)

0.00

(0.00–0.00)

0.01

(0.01–0.02)

0.05

(0.03–0.08)

0.11

(0.05–0.17)

NEWS2 0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.02

(0.00–0.04)

0.05

(0.02–0.10)

Westley 0.01

(0.00–0.02)

0.00

(0.00–0.00)

0.01

(0.01–0.02)

0.02

(0.01–0.03)

0.02

(0.01–0.03)

feverPAIN 0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–1.36)

Any investigation 7.36

(6.36–8.41)

6.38

(5.80–6.87)

8.08

(7.38–8.74)

7.45

(6.31–8.68)

7.99

(6.92–9.06)

White blood cell 5.61

(4.91–6.33)

4.98

(4.54–5.37)

6.16

(5.57–6.65)

5.74

(4.82–6.58)

5.97

(5.23–6.70)

CRP 2.21

(1.46–2.76)

1.31

(1.10–1.54)

2.54

(2.16–2.90)

2.70

(2.28–3.22)

2.70

(2.35–3.05)

Chest X-ray 2.14

(1.69–2.52)

1.62

(1.41–1.88)

2.39

(2.17–2.60)

2.07

(1.74–2.60)

2.31

(1.91–2.77)

Continued on next page
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Table A3.1: Median weekly rate (%) and interquartile range (IQR) for each severity marker by
period (continued)

Severity marker All Period 1 Period 2 Period 3 Period 4

Any prescription 62.76

(59.84–64.78)

63.93

(62.30–65.32)

61.93

(59.56–63.66)

57.40

(54.19–60.21)

62.10

(56.92–65.56)

Amoxicillin 34.35

(31.86–37.08)

37.42

(36.13–38.64)

34.07

(32.80–35.42)

26.26

(23.13–28.70)

30.03

(25.51–32.29)

Penicillin V 11.50

(9.27–13.31)

10.16

(8.59–11.81)

10.89

(9.02–13.09)

12.44

(11.23–14.77)

13.29

(11.83–15.20)

Macrolide 9.17

(7.90–10.17)

10.09

(9.49–10.60)

9.39

(8.68–10.18)

7.14

(6.64–7.90)

7.48

(6.87–8.03)

Steroid 8.06

(6.70–9.15)

6.26

(5.69–6.82)

8.59

(7.86–9.31)

8.75

(8.30–9.82)

9.03

(8.33–9.89)

Doxycycline 7.51

(5.58–10.37)

4.96

(4.15–5.78)

7.70

(6.83–8.62)

11.16

(10.12–12.20)

12.10

(10.80–13.16)

Co-amoxiclav 1.82

(1.45–2.72)

2.82

(2.62–3.07)

1.59

(1.45–1.95)

1.52

(1.32–1.85)

1.45

(1.31–1.63)

Cephalosporin 0.47

(0.34–1.03)

1.47

(0.97–2.08)

0.43

(0.36–0.53)

0.32

(0.30–0.39)

0.32

(0.29–0.37)

Oseltamivir 0.01

(0.00–0.02)

0.01

(0.00–0.03)

0.01

(0.00–0.04)

0.00

(0.00–0.00)

0.00

(0.00–0.01)

Zanamivir 0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

Molnupiravir 0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

Paxlovid 0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

Continued on next page
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Table A3.1: Median weekly rate (%) and interquartile range (IQR) for each severity marker by
period (continued)

Severity marker All Period 1 Period 2 Period 3 Period 4

Sotrovimab 0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

0.00

(0.00–0.00)

Any hospital

(referral)

0.13

(0.09–0.17)

0.07

(0.06–0.09)

0.15

(0.12–0.17)

0.17

(0.14–0.22)

0.17

(0.15–0.20)

Emergency

hospital referral

0.13

(0.09–0.17)

0.07

(0.06–0.09)

0.15

(0.12–0.17)

0.17

(0.14–0.22)

0.17

(0.15–0.20)

A3.4 ADDITIONAL TIME SERIES FIGURES

A3.4.1 Hospital

Figure A3.3: Time series of weekly hospital attendances (Top panel) and admissions (Bottom
panel) recording rates within 56 days of an ARI episode across the study period. Period 1: Early

pre-pandemic; Period 2: Late pre-pandemic; Period 3: COVID-19 pandemic; Period 4:
Post-pandemic. ISO week: International Organization for Stadardardization.
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A3.4.2 Intensive Care

The only severity marker in the ICU outcomes group was ICU admission, with a low overall

median weekly recording rate of 0.01% (interquartile range 0.00–0.01). The recording

rate of ICU admission saw a 1.79-fold increase from Period 1 to Period 2, followed by

a 2.68-fold increase from Period 2 to Period 3 (COVID-19 pandemic). As for hospital

admission 2 spikes in ICU admission can be seen corresponding to the first 2 waves of

COVID. However, ICU weekly rates much more volatile due to the low overall recording

rates.

Figure A3.4: Time series of weekly Intensive Care Unit (ICU) admission recording rates within
56 days of an ARI episode across the study period. Period 1: Early pre-pandemic; Period 2: Late

pre-pandemic; Period 3: COVID-19 pandemic; Period 4: Post-pandemic. ISO week:
International Organization for Stadardardization.

A3.4.3 Complications

The overall median weekly recording rate for complications (any complication) was 0.22%

(interquartile range 0.04–0.34). Within this group, sepsis (0.20%, IQR: 0.04–0.30) had the

highest median weekly rate, followed by acute respiratory failure (0.01%, IQR: 0.00–0.03)

and cardiac arrest (0.01%, IQR: 0.00–0.01). The recording rate of any complication saw

a 6.71-fold increase from Period 1 to Period 2. The time series visualisation shows that

the main driver of this change was an increase in sepsis recording, which rose sharply

midway through Period 2, around 2016. There was a smaller 1.32-fold increase in overall

complication recording from Period 2 to Period 3 (COVID-19 pandemic). In the post-

pandemic period, recording rates appear to have returned to pre-pandemic levels.
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Figure A3.5: Time series of weekly complication (Acute respiratory failure- top panel, cardiac
arrest- middle panel, sepsis- bottom panel) recording rates within 56 days of an ARI episode

across the study period. Period 1: Early pre-pandemic; Period 2: Late pre-pandemic; Period 3:
COVID-19 pandemic; Period 4: Post-pandemic. ISO week: International Organization for

Stadardardization.
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A3.4.4 Symptoms

Figure A3.6: Time series of weekly symptom (Dyspneoa- top panel, fever- middle panel,
malaise- bottom panel) recording rates within 56 days of an ARI episode across the study period.

Period 1: Early pre-pandemic; Period 2: Late pre-pandemic; Period 3: COVID-19 pandemic;
Period 4: Post-pandemic. ISO week: International Organization for Stadardardization.
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A3.4.5 Signs

Figure A3.7: Time series of weekly sign (Oxygen saturation- top panel, pulse rate- middle panel,
respiratory rate- bottom panel) recording rates within 56 days of an ARI episode across the study

period. Period 1: Early pre-pandemic; Period 2: Late pre-pandemic; Period 3: COVID-19
pandemic; Period 4: Post-pandemic. ISO week: International Organization for Stadardardization.

A3.4.6 Health seeking behaviour

The overall median weekly recording rate for health seeking behaviour (any health seeking)

was 1.15% (interquartile range 0.09–4.63). Within this group, NHS 111 (1.01%, IQR:

0.01–3.72) had the highest median weekly rate, followed by ambulance encounter (0.14%,

IQR: 0.07–1.01). Very low weekly recording rates were observed for both ambulance
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encounters and NHS 111 contacts in Period 1, with values of 0.07% (0.05–0.08) and

0.00% (0.00–0.01), respectively. A clear upward trend is evident by Period 2, and due to

the very low baseline in Period 1 (particularly for NHS 111), a large 17.44-fold increase

was seen in overall health seeking behaviour between Period 1 and Period 2. A further

4.87-fold increase was observed from Period 2 to Period 3 (COVID-19 pandemic), with

spikes in ambulance encounters seen during the first and second waves of the pandemic.

Recording of ambulance encounters in Period 4 has been higher than the pre-pandemic

period (Period 2).

Figure A3.8: Time series of weekly health seeking (Ambulance encounter- top panel, NHS 111
encounter- bottom panel) recording rates within 56 days of an ARI episode across the study
period. Period 1: Early pre-pandemic; Period 2: Late pre-pandemic; Period 3: COVID-19

pandemic; Period 4: Post-pandemic. ISO week: International Organization for Stadardardization.

A3.4.7 Clinical scores

The median weekly recording rate for all clinical scores was 2.05% (IQR: 0.19–3.24). Me-

dian recording rates for individual scores were generally much lower than those for clinical

signs (31.95%, IQR: 18.75-51.81). AVPU had the highest median weekly rate (0.96%,

IQR: 0.18–1.96), followed by Centor (0.74%, IQR: 0.00–1.12) and CRB65 (0.02%, IQR:
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0.00–0.07). Centor scores were not recorded prior to April 2015, but use increased

substantially during Period 2, displaying a seasonal pattern with peak recording rates oc-

curring mid-year. The National Early Warning Score 2 (NEWS2) was not recorded to any

meaningful extent before 2021 and remains infrequently used, with a median recording

rate in Period 4 of just 0.11% (IQR: 0.09–0.14).

Figure A3.9: Time series of weekly clinical score (Centor- top panel, CRB65-middle panel and
NEWS2-bottom panel) recording rates within 56 days of an ARI episode across the study period.

Period 1: Early pre-pandemic; Period 2: Late pre-pandemic; Period 3: COVID-19 pandemic;
Period 4: Post-pandemic. ISO week: International Organization for Stadardardization. Not all

score time series are presented here due to very low recording rates.
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A3.4.8 Investigations

The median weekly recording rate for investigations (any investigation) was 7.36% (IQR

6.36–8.41). Within this group, white blood cell count had the highest median weekly

rate (5.61%, IQR: 4.91–6.33), followed by CRP (2.21%, IQR: 1.46–2.76) and chest X-ray

(2.14%, IQR: 1.69–2.52). There was a modest 1.27-fold increase in overall investigation

recording from Period 1 to Period 2. During the COVID-19 pandemic (Period 3), a slight

decline was observed (fold-change 0.92). Peaks in the recording of all three investigations

were seen during the first and second COVID-19 waves. Some seasonal variation is also

evident, with investigation recording rates typically dipping in late December, around the

Christmas holiday period.
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Figure A3.10: Time series of weekly investigation (Chest X-ray- top panel, C-reactive protein
(CRP)-middle panel and white blood cell count-bottom panel) recording rates within 56 days of

an ARI episode across the study period. Period 1: Early pre-pandemic; Period 2: Late
pre-pandemic; Period 3: COVID-19 pandemic; Period 4: Post-pandemic. ISO week:

International Organization for Stadardardization. Not all score time series are presented here due
to very low recording rates.

363



Appendix A4

Chapter 5 Severity marker evaluation

A4.1 MATHEMATICAL DEFINITION OF CROSS CORRELATION

Table A4.1: Box 6.2: Mathematical definition of cross-correlation

Cross-correlation

Definition

𝑟𝑋𝑌 (𝑘) =

𝑛−𝑘∑︁
𝑡=1

(
𝑋𝑡 − 𝑋̄

) (
𝑌𝑡+𝑘 − 𝑌

)
√√√

𝑛−𝑘∑︁
𝑡=1

(
𝑋𝑡 − 𝑋̄

)2

√√√
𝑛−𝑘∑︁
𝑡=1

(
𝑌𝑡+𝑘 − 𝑌

)2

Symbols

𝑟𝑋𝑌 (𝑘): cross-correlation at lag 𝑘 .

𝑋̄,𝑌 : sample means of 𝑋 and 𝑌 .

𝑘: lag (may be positive or negative).

Interpretation

Positive 𝑘 correlates 𝑋𝑡 with future values 𝑌𝑡+𝑘 ; negative 𝑘 correlates 𝑋𝑡 with past

values of 𝑌 . At 𝑘 = 0, 𝑟𝑋𝑌 (0) equals the Pearson correlation between 𝑋 and 𝑌 .

Notes: The summation limits are written for 𝑘 ≥ 0; for negative 𝑘 , choose limits so indices

remain valid (equivalently, swap the roles of 𝑋 and 𝑌 or write 𝑟𝑋𝑌 (𝑘) = 𝑟𝑌𝑋 (−𝑘)).
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A4.2 FOREST PLOTS BY INFECTION TYPE AND AGE STRATA

Non-pandemic URTI (≤15 years)

Individual-level analysis: See Figure A4.1.

Figure A4.1: Forest plot showing relationship between severity markers and composite outcome
of hospitalisation, complications, ICU admission or death for non-pandemic URTI (≤15 years)

Aggregate-level analysis: See Figure A4.2.
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Figure A4.2: Forest plot showing relationship between severity indicators and composite
outcome of hospitalisation, complications, ICU admission or death for non-pandemic URTI (≤15

years)

Non-pandemic URTI (15–64 years)

Individual-level analysis: See Figure A4.3.
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Figure A4.3: Forest plot showing relationship between severity markers and composite outcome
of hospitalisation, complications, ICU admission or death for non-pandemic URTI (15–64 years)

Aggregate-level analysis: See Figure A4.4.
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Figure A4.4: Forest plot showing relationship between severity indicators and composite
outcome of hospitalisation, complications, ICU admission or death for non-pandemic URTI

(15–64 years)

Non-pandemic URTI (≥65 years)

Individual-level analysis: See Figure A4.5.

368



Chapter A4

Figure A4.5: Forest plot showing relationship between severity markers and composite outcome
of hospitalisation, complications, ICU admission or death for non-pandemic URTI (≥65 years)

Aggregate-level analysis: See Figure A4.6.
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Figure A4.6: Forest plot showing relationship between severity indicators and composite
outcome of hospitalisation, complications, ICU admission or death for non-pandemic URTI (≥65

years)

Non-pandemic LRTI with ECLD (≤15 years)

Individual-level analysis: See Figure A4.7.
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Figure A4.7: Forest plot showing relationship between severity markers and composite outcome
of hospitalisation, complications, ICU admission or death for non-pandemic LRTI ECLD (≤15

years)

Aggregate-level analysis: See Figure A4.8.
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Figure A4.8: Forest plot showing relationship between severity indicators and composite
outcome of hospitalisation, complications, ICU admission or death for non-pandemic LRTI

ECLD (≤15 years)

Non-pandemic LRTI with ECLD (15–64 years)

Individual-level analysis: See Figure A4.9.
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Figure A4.9: Forest plot showing relationship between severity markers and composite outcome
of hospitalisation, complications, ICU admission or death for non-pandemic LRTI ECLD (15–64

years)

Aggregate-level analysis: See Figure A4.10.
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Figure A4.10: Forest plot showing relationship between severity indicators and composite
outcome of hospitalisation, complications, ICU admission or death for non-pandemic LRTI

ECLD (15–64 years)

Non-pandemic ILI (≤15 years)

Individual-level analysis: See Figure A4.11.
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Figure A4.11: Forest plot showing relationship between severity markers and composite outcome
of hospitalisation, complications, ICU admission or death for non-pandemic ILI (≤15 years)

Aggregate-level analysis: See Figure A4.12.
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Figure A4.12: Forest plot showing relationship between severity indicators and composite
outcome of hospitalisation, complications, ICU admission or death for non-pandemic ILI (≤15

years)

Non-pandemic ILI (15–64 years)

Individual-level analysis: See Figure A4.13.
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Figure A4.13: Forest plot showing relationship between severity markers and composite outcome
of hospitalisation, complications, ICU admission or death for non-pandemic ILI (15–64 years)

Aggregate-level analysis: See Figure A4.14.
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Figure A4.14: Forest plot showing relationship between severity indicators and composite
outcome of hospitalisation, complications, ICU admission or death for non-pandemic ILI (15–64

years)

Non-pandemic ILI (≥65 years)

Individual-level analysis: See Figure A4.15.
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Figure A4.15: Forest plot showing relationship between severity markers and composite outcome
of hospitalisation, complications, ICU admission or death for non-pandemic ILI (≥65 years)

Aggregate-level analysis: See Figure A4.16.
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Figure A4.16: Forest plot showing relationship between severity indicators and composite
outcome of hospitalisation, complications, ICU admission or death for non-pandemic ILI (≥65

years)

Pandemic suspected COVID-19 (15–64 years)

Individual-level analysis: See Figure A4.17.
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Figure A4.17: Forest plot showing relationship between severity markers and composite
outcome of hospitalisation, complications, ICU admission or death for pandemic suspected

COVID-19 (15–64 years)

Aggregate-level analysis: See Figure A4.18.
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Figure A4.18: Forest plot showing relationship between severity indicators and composite
outcome of hospitalisation, complications, ICU admission or death for pandemic suspected

COVID-19 (15–64 years)

382



Appendix A5

Patient and Public Involvement (PPI)

A5.1 INTRODUCTION

The public are at the heart of this DPhil. The motivation to define operational severity

indicators is ultimately to improve public health by reducing the harm that occurs as

a consequence of ARIs. Not only this, but each individual member of the public in a

registered RSC practice (who has not opted out of data sharing) has contributed their own

data for the good of the population. It is only right, therefore, that they should have a

role supporting this work. In this short chapter I present the outcome of a PPI workshop

that aimed to gather public opinion on the future direction of this work including how the

outputs should be communicated and shared.

A5.2 AIMS AND OBJECTIVES

A5.2.1 Aim

To gather public perspective on the future direction, communication, and accessibility of

a public health research project, in order to enhance its relevance and public value.

A5.2.2 Objectives

1. To explore public views on how the research could be further developed.

2. To identify the types of outputs or resources that members of the public would find

useful or engaging.
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3. To gain feedback on how a lay summary of this work best communicate the findings

to the public.

A5.3 METHODS

A PPI workshop was convened with contributors selected from the RSC PPI network.

This network is primarily drawn from primary care patient participation groups at RSC

member practices. This network has been regularly used to undertake PPI activities at

the RSC. Individuals were invited via email, and adverts were also included in the weekly

RSC communications to practices inviting them to share the opportunity with patients in

their practice (Figure A5.1).
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Are you interested in providing feedback on 

research about respiratory infections? 

We are looking for members of the public to take part in a group 
discussion and provide feedback on research. The research 
looks at how we monitor respiratory infections across the 
country. 

We would particularly like to hear from members of the public 
that have an interest in how patient data is used for health 
research. 

If you take part, we will reimburse you £25 for 1 hour of your time. 
There may be more opportunities to feedback in future. 

 

The group discussion will be held on Wednesday 4th June, from 2-
3pm (online) 

 

About us 

We are the Research and Surveillance Centre (RSC), based at 
the University of Oxford. We work closely in partnership with the 
Royal College of General Practitioners (RCGP) and UK Health 
Security Agency (UKHSA). 

 

If you are interested in taking part get in touch by email: 

practiceenquiries@phc.ox.ac.uk 

Figure A5.1: Advertisement sent to the Research and Surveillance Centre (RSC)
member practices inviting public contributions to the Patient and Public Involvement

(PPI) session

The session was conducted as an online workshop using Microsoft Teams. It was facilitated

by a colleague at the RSC, VS, who is a member of the RSC practice liaison team and has

significant experience in chairing and working in PPI over the past three years. Participants

who agreed to contribute were provided with a one-page summary outlining the work

completed in this DPhil and explaining the objectives of the workshop (Figure A5.2).
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Four contributors (C1, C2, C3 and C4) took part in the session, representing a mixture of

genders and ethnicities, and including some participants with chronic respiratory disease.

No further personal details can be shared in order to protect confidentiality.

Research Project Summary: Dr William Elson 

What’s the research about? 

In this project I am trying to improve how we monitor lung infections (like flu or COVID-19) using 

electronic data from GP records in the England. Currently, we use GP records to count and track the 

number of infections that occur each week.  

In this project, I am writing computer programs (algorithms) aiming to find a way to also track how 

many serious infections are occurring. For example, how many people with infections are at risk of 

needing to go to hospital or at risk of dying?  

Why is this important? 

I hope that this project can help UK public health authorities (UK Health Security Agency) spot serious 

outbreaks sooner and make smarter decisions about what to do. It can also help us be prepared for 

the next pandemic. 

Where is the data from? 

Data for this project comes from the Oxford-RCGP Research and Surveillance Centre (RSC). This centre 

collects information from GP practices and shares weekly updates with the UK Health Security Agency 

(UKHSA). The data is stored securely and is highly anonymised to protect patients. The RSC has been 

using GP records for over 15 years 

Project Structure 

The project has four main parts: 

Part 1: Finding cases of lung infection in GP data:  

Checking that we can accurately find the correct cases of lung infections by building a new computer 

program. This is completed and is used in our weekly reports to UKHSA.  

Part 2: Finding the signs of serious illness.  

Checking the medical literature for things that could be suggest an individual has a serious infection. 

Found 44 possible markers of serious infection. These include symptoms such as breathing problems 

and fever, as well as signs like low blood pressure or low oxygen levels. 

Part 3: Checking data quality:  

Checking how well these 44 markers of serious infection are recorded in the GP record. This showed 

differences by age and infection type. It also showed that overtime some things are recorded more or 

less commonly and that the pandemic had a big impact on how well these things are recorded.  

Part 4: Assessing which markers are best 

Checking which of the 44 markers might suggest somebody is likely to need to go to hospital or die. 

This can help me decide which of the markers are best suited for use in our reports to UKHSA.  

What next? 

I plan to finish my analysis and write up my thesis. Once this is complete, I plan to build a testing 

algorithm to check whether my findings work in the real world, before it will officially be rolled out. 

Figure A5.2: Project summary sent to Patient and Public Involvement (PPI) session
contributors

The session was scheduled for one hour and began with a two-minute introduction from

the chair (VS), which set the tone for the meeting. The purpose of this introduction

was to explain that everyone would have the opportunity to express their views, and that
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disagreement was acceptable provided it was expressed respectfully. Verbal consent was

then obtained from all participants to record the session, and it was explained that their

contributions would remain confidential. Their views would be summarised in this DPhil,

but no personal details would be shared or communicated. Following the introduction,

I presented a five-minute overview of the work undertaken in this DPhil using a single

PowerPoint slide, which introduced the concepts already set out in Figure A5.2. Finally,

the chair then walked through four questions one by one, offering individuals the chance

to give their views. The questions were as follows:

1. What do you find interesting or important about this work (or otherwise)?

2. How do you think the research could potentially be developed further?

3. What kinds of ways do you think we can disseminate this information to the wider

public?

4. What are your thoughts on the style and phrasing that might be used to communicate

this research to the wider public?

The Guidance for Reporting Involvement of Patients and the Public, Short Form (GRIPP2-

SF) was used for reporting, providing a standardised approach to documenting PPI when

it is integrated into larger projects rather than a large stand-alone PPI project.

A5.4 RESULTS

A5.4.1 Summary of key questions and responses

In the following section I present the key quotes from the contributors and the responses

from myself to illustrate the breadth of ideas and views expressed during the PPI workshop.

Quotes are taken verbatim from the workshop transcript, with only minor edits (for example

removal of duplication) for clarity without changing the meaning. Four cross-cutting

themes were also identified including: the scope of the included data, data quality, targeted
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dissemination for the public, and use of plain English in lay summaries of the information

provided.

Q1: What is interesting or important about this work?

Individuals highlighted several areas of interest and importance. This included location,

rurality, vaccination status, prevention, and antibiotic rescue packs. Quote 1, Theme:

Scope of included data:

Contributor: “To what extent are you looking at where people live, because clearly there

may be some significant impacts in large urban areas versus rural areas,?” (C1)

Response: “This is a valuable observation. While geography and rurality are not directly

addressed in this DPhil, surveillance reports already incorporate NHS region, and future

developments may allow regional severity reporting.”

Quote 2, Theme: Scope of included data:

Contributor: “Are you looking at prevention, like exercise and diet, so it prevents infec-

tions occurring because people are better informed?” (C2)

Response: “This is an important reminder of the broader context of ARI surveillance.

Prevention factors are outside the scope of this analysis, which focuses on surveillance

indicators, but they remain highly relevant for public health strategy.”

Quote 3, Theme: Scope of included data:

Contributor: “A lot of people now, particularly elderly people and people with chronic

conditions, are having RSV vaccinations. To what extent are you intending to follow

through on that?” (C1)

Response: “This is a valuable suggestion. Vaccination status is not included in this DPhil,

but future analyses could explore how peaks in severity vary by vaccination status.”

Quote 4, Theme: Data quality:

Contributor: “I’m just wondering whether you’re monitoring how many of the patients,

have got emergency antibiotic kits?” (C3)

Quote 5, Theme: Data quality:

Contributor: “. . . on my repeat prescription, they actually state it is in conjunction with
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a rescue pack.” (C2)

Response: “This is a very useful point. Rescue packs are a valid concern, as antibiotic

prescribing may not always reflect severity when issued as standby treatment.”

Q2: How could the research be developed further?

Contributors suggested comorbidities, lifestyle factors, and improving data quality.

Quote 6, Theme: Scope of included data:

Contributor: “. . . will those kind of underlying conditions, like a transplant, be looked

at?” (C4)

Response: “This is a valuable consideration. Comorbidities such as transplants and

kidney disease are not part of this analysis but are important for future research.”

Quote 7, Theme: Scope of included data:

Contributor: “What about vaping, what impact that has on people’s future health?” (C1)

Response: “This is an important point. Lifestyle factors like vaping are outside the scope

of this work, but could provide valuable context in future surveillance studies.”

Quote 8, Theme: Data quality:

Contributor: “How consistent is GP data across the country, I can well imagine some

GPs are much more consistent than others.” (C1)

Quote 9, Theme: Data quality:

Contributor: “. . . hospital told me one thing but it was recorded differently on my record,

that’s going to impact your information.” (C2)

Response: “These are very important insights. Data quality and consistency are recog-

nised limitations of CMR-based surveillance and remain a recurring challenge.”

Q3: How should findings be disseminated to the public?

Participants recommended multiple channels for dissemination.

Quote 10, Theme: Targeted dissemination:

389



Chapter A5

Contributor: “The one place I spend an awful lot of time is at outpatient appointments,

they have lots of big displays up about research.” (C3)

Quote 11, Theme: Targeted dissemination:

Contributor: “Any kind of disturbance in breathing or coughing, they should immediately

contact their GP. That kind of measure would help the NHS.” (C4)

Quote 12, Theme: Targeted dissemination:

Contributor: “. . . they all bring different scenarios in, that might be a way of feeding it

out to the public.” (C2)

Response: “These are excellent suggestions. Dissemination via outpatient settings, re-

hab groups, and proactive education is valuable and should be considered in future work,

though it is outside the direct scope of this DPhil.”

Q4: What style and phrasing should be used in communication?

There was strong emphasis on clarity, plain language, and personal relevance.

Quote 13, Theme: Plain English and accessibility:

Contributor: “Respiratory infection just seems a big mass of ideas, if you can identify

and say it includes COVID, bronchitis, then people will understand.” (C1)

Quote 14, Theme: Plain English and accessibility:

Contributor: “. . . be almost more simplistic as well and say chest infection or breathing

problems, not everyone even realizes COVID was a respiratory infection.” (C3)

Quote 15, Theme: Plain English and accessibility:

Contributor: “Sometimes you add too much about the research you’ve done, Oxford,

Cambridge, that then detracts from the actual information.” (C2)

Quote 16, Theme: Plain English and accessibility:

Contributor: “Particularly, what’s the impact on me as a person? If I’m reading it, how

is it going to affect me?” (C1)

Quote 17, Theme: Plain English and accessibility:

Contributor: “. . . it should be really clear and simple for a layman. Even the term
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‘renal’, I didn’t know that means kidney.” (C4)

Response: “These comments are extremely valuable. They reinforce the need for plain

English, minimal jargon, and a focus on personal relevance rather than institutional de-

tail.”

A5.5 DISCUSSION

The rich and varied discussion that took place during this PPI workshop identified four key

themes that can help shape the future development of ARI severity indicators, including

how these are communicated to the public. These themes highlight important additional

variables for consideration, challenges relating to data quality, and contributors’ ideas for

dissemination and the structuring of public summaries.

Scope of included data

Contributors raised important points regarding the use of additional variables in this

analysis. These included location, rurality, vaccination status, co-morbidities, and smoking

status. Each of these factors can influence an individual’s risk of developing severe disease

and are therefore highly relevant to this work.

At present, RSC weekly surveillance reports present ARI incidence only by location and

age band. If severity indicators are incorporated into these reports in the future, they will

also aim to be presented by location and age band. Other variables raised by contributors

are not currently included in weekly reporting, but they could play a valuable role in the

annual report, which takes a deeper look at surveillance data across the year.

These comments also draw attention to health disparities, as additional variables can

provide important insights into how infections are affecting specific populations. For ex-

ample, are certain ethnic groups disproportionately impacted by ARIs at a given time, and

what factors might explain this? Can culturally sensitive measures be introduced to sup-
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port communities experiencing rises in ARI severity or incidence? An ideal surveillance

system would therefore track severity indicators across a broader range of demographic

characteristics, enabling a more equitable and targeted public health response.

The main challenge in presenting weekly indicators across too many variables is that it

significantly increases operational complexity. Moreover, appropriate downstream out-

comes must be considered, for example, how will additional layers of information translate

into improvements in patient care or public health response? Ultimately, ensuring that

intelligence is actionable is key. Nonetheless, all of these data are available and could be

incorporated in the future if appropriate. Data quality assessments would also be required

before operationalising their use.

Data quality

The theme of data quality was raised by three individuals. This issue is not only relevant

to the PPI findings, but also emerges throughout this DPhil and is the focus of a dedicated

chapter. Contributors highlighted several important aspects of data quality that affect the

interpretation and utility of severity indicators.

First, context is lacking in certain situations where it could help interpretation of available

data. Two participants discussed the challenge of distinguishing whether antibiotics issued

to patients with chronic respiratory disease, such as chronic obstructive pulmonary disease

(COPD), were linked to an acute event or simply provided as rescue packs. This reflects the

fact that surveillance datasets can lack important clinical detail. In this study, all predictors

of severe outcomes were required to be recorded within two weeks of the index ARI case.

This approach substantially increases the likelihood that antibiotics were prescribed for a

given acute episode, although it cannot eliminate the possibility entirely. A similar issue

arises with work absenteeism, where the absence of employment status data introduces

bias. Since employment rates vary across demographic groups, for example by ethnicity

and deprivation, fit notes may be over-represented in some groups and underestimated in

others. This is hard to adjust for.
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Second, contributors raised concerns about variation in data recording across the country.

Primary care IT systems are geographically distributed, with EMIS dominant in the West

of England, London, and much of the South, and The Phoenix Partnership (SystmOne)

(TPP) more widely used elsewhere. Factors specific to each system may influence how

data are captured, which in turn affects analyses such as those undertaken in this DPhil.

As this study included only EMIS practices, further work using combined datasets should

be undertaken. Although the RSC holds such linked data, it was not accessible for this

project due to governance restrictions.

Additionally, there will be heterogeneity in how data are coded across NHS regions,

between practices, and even by individual primary care practitioners. However, the

expectation is that the size of CMR datasets will allow meaningful signals to be detected,

even if they are weak. Improvements in data quality would not only strengthen these

signals but also reduce the risk of bias being introduced into the analysis.

Looking ahead, the public may have a role in supporting improvements in data quality, for

example by directly updating demographic details or indicating when they have been hos-

pitalised. Future PPI work could help identify practical and acceptable ways of involving

the public in this process, and innovations that enable engagement with health records are

likely to be especially valuable.

Accessible summaries and targetted dissemination

For Question 4, I asked contributors to reflect on the summary I had distributed prior

to the meeting and to suggest how the style and communication could be improved. In

general, feedback focused on the importance of using plain language and ensuring clarity.

There was also an emphasis on reducing unnecessary detail so that the key messages

stand out. One example highlighted that the term respiratory infections is not commonly

understood, and that more familiar terms such as COVID, bronchitis, chest infection, or

breathing problem may be clearer. Contributors also suggested removing references that

add little value, such as where the research was conducted, to allow the basic and important
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information to stand out.

In addition to feedback on content, contributors also suggested a more targeted approach

to dissemination. One individual noted that when attending outpatient clinics for their

specific health condition, they often read leaflets and posters in that setting because

the information feels directly relevant. In contrast, they rarely engage with materials

displayed in general practice, as these are often perceived as too generic. For this work,

a targeted dissemination strategy could include feeding information back through our top

surveillance practices and publishing tailored content on RSC and practice social media

channels. Those who are already most engaged with the surveillance effort are likely to

be the most receptive to such information.

Using reflections from this PPI workshop I have refined and modified my lay summary.

A5.6 LAY SUMMARY

What is this research about?

This work aims to help health authorities identify when and where outbreaks of serious

lung infections (such as flu, COVID, or pneumonia) are happening across England. This

is particularly important during the winter, when many different bugs are circulating, and

during pandemics such as COVID.

Why is this important?

By knowing where and when these increases are happening, support can be given to GP

practices and hospitals where it is needed. For example, additional staff or hospital beds

could be provided, vaccination programmes expanded, or, in extreme situations, public

health measures such as lockdowns considered. This will also help people get the treatment

they need and can stop the bugs from spreading to other people.
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How are we doing this?

We use information written by GPs in patients’ medical notes to count how many infections

are occurring around the country. We can then look at which infections are serious, and

monitor how many serious infections are happening in different parts of the country.

What this means for the public?

By improving the way we track serious lung infections, health services can respond more

quickly when problems arise. This means better planning and more support where it is

most needed. In the long run, it also helps protect people from the worst effects of winter

infections and prepares the country to deal with future pandemics.

A5.7 LIMITATIONS

This PPI workshop was incredibly valuable, though a number of limitations should be

considered. Firstly, the group size was small and the time dedicated to the session

was limited. This reduced the quantity and variety of feedback that could be obtained.

Secondly, the PPI session took place towards the end of my DPhil, which limited the

extent to which it could directly influence the overall direction of the work. Nevertheless,

the session was instrumental in helping me to develop a lay summary of my research,

shaped by the feedback received. In addition, I adapted the presentation of some of the

data to include additional variables, such as ethnicity, in response to the points raised.

Finally, the discussion surrounding data quality was incredibly valuable as it reinforced

the prominence of this theme in my DPhil.

A5.8 FUTURE PPI WORK

Future work should seek to engage a broader and more diverse group of participants.

One approach might be to identify individuals who are already more heavily engaged in

surveillance through their priary care practices. For example, people who have contributed
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virological samples may be especially interested in learning how the data they provide

can be used to benefit the public. It would also be valuable to hear public perspectives

on how data quality might be improved and the extent to which they feel they should

have a role in this process. For instance, should patients be able to directly update their

demographic details or indicate when they have been hospitalised or received treatment

at another location? Involving patients in efforts to improve data quality could represent

a novel and meaningful way of addressing one of the biggest challenges in research that

uses CMRs for secondary purposes.

A5.9 SUMMARY

The public are integral to all surveillance practices at the RSC. Without their data, CMR-

based surveillance systems could not exist. Engaging with the public helps build and

maintain trust in how their highly sensitive health data are used. This trust can be

strengthened by disseminating research findings in the most accessible way possible and

by clearly communicating the value of the work. In addition, patient feedback and

experiences can influence the nature and direction of the research itself. While the scope

of this PPI activity was necessarily limited, it nonetheless generated valuable insights that

directly informed the development of a lay summary and the presentation of key outputs

in this DPhil.
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