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Abstract 
Novel data and analyses have played an important role in informing the public health response 
to the COVID-19 pandemic. Existing surveillance systems were scaled up, and in some 
instances, new systems developed to meet the challenges posed by the magnitude of the 
pandemic. Here, we describe the routine and novel data that were used to address urgent 
public health questions during the pandemic, underscore challenges in sustainability and 
equity in data generation, and highlight key lessons learnt for designing scalable data 
collection systems to support decision-making during a public health crisis.  
 
As countries emerge from the acute phase of the pandemic, COVID-19 surveillance systems 
are being scaled down. However, as SARS-CoV-2 resurgence remains a threat to global 
health security, it is important that a minimal cost-effective system remains active that can be 
rapidly scaled up if necessary. We propose that a retrospective evaluation to identify the cost-
benefit profile of the various data streams collected during the pandemic should be on the 
scientific research agenda. 
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Introduction 
 
The COVID-19 pandemic and the world’s response have been unprecedented in scale and 
impact. In some countries, an exceptional amount of resources was made available to support 
response operations and policy making, including to collect and disseminate vast amounts of 
pandemic related data. These data streams have been used to inform public health responses, 
reinforcing the value of timely and transparent data collection and analysis for decision 
making. The availability of novel data has catalysed the creation of innovative tools and 
methodologies.1 However, the pandemic has also highlighted new challenges concerning the 
scalability, sustainability, and equity in the generation, access, and analysis of these data.2–4  
 
Drawing on the European experience during the pandemic, we build on previous work 
identifying key data to support decision-making during outbreaks.5 We explore the challenges 
and opportunities for future data collection efforts against lessons learnt during the pandemic.  
A key concept that we draw attention to here is “re-scalability” of data collection and processing 
systems i.e., the ability of these systems to quickly and efficiently adapt to changing priorities 
as a crisis evolves, for example by changing data resolution or sampling as needed.  
 

Key policy questions and evidence to inform them  
Throughout an infectious disease outbreak, from its emergence to spread, and flare ups, 
different policy questions are generated that may be addressed using different sources of 
quantitative evidence (Fig 1). Here we focus on five policy questions that emerge early in an 
epidemic and need to be continuously evaluated to inform epidemic response. 

 Is an outbreak occurring and what pathogen is causing it?  
Timely detection of public health concerns requires continuous monitoring and surveillance 
globally to identify, verify, assess, and investigate potential threats.6 The first detailed report 
on 30th December 2019 of a cluster of pneumonia cases of unknown aetiology in Wuhan City, 
China was published using event-based surveillance whereby professional networks monitor 
unstructured and structured data from multiple outlets.7 

The new causative agent, SARS-CoV-2, was rapidly identified by genomic sequencing. The 
full viral genome was made publicly available on the 10th of January 2020,  just 10 days after 
the Wuhan Municipal Health Commission reported this cluster8 allowing rapid development of 
diagnostics.9 As the pandemic progressed, detection of new variants of concern (VOCs) was 
facilitated by routine genomic surveillance.  

How dangerous is the pathogen?  
Early characterisation of the pathogen, its symptoms and severity is critical for generating case 
definitions and assessing the potential disease burden. 

Early disease severity estimates were initially informed by repatriation flights. Whilst not 
representative of the wider population, the passengers represented the first pool of infected 
individuals to be tested, without selection based on symptoms.10,11 Risk factors for severe 
disease were investigated in more representative populations using clinical data compiled 



3 

across many countries by the International Severe Acute Respiratory and Emerging Infection 
Consortium (ISARIC).12   

To collate further information on symptoms, innovative solutions were adopted. For example, 
a new mobile application, the ZOE COVID-19 symptom tracker was developed by King’s 
College London and rolled out to volunteers throughout the UK.13 This citizen science 
approach, launched less than two months after the first case was reported,14 allowed for rapid 
characterisation of the spectrum of symptoms, including the loss of sense of smell or taste. 

How quickly is the pathogen spreading? 

Characterising the transmissibility and natural history of the pathogen is critical to assess 
potential health care needs, how soon they will be needed, and how demand may change 
over time. 

The likelihood and extent of sustained SARS-CoV-2 human-to-human transmission were first 
evaluated using media reports on early confirmed COVID-19 cases outside mainland China 
and international air traffic data.15,16 Once transmission was established and diagnostic tests 
were available, the transmissibility of SARS-CoV-2 was continuously monitored, using daily 
reported cases and deaths,17 PCR cycle threshold data,18 and analyses of genomic 
sequences.19 To provide a global overview of transmission trends, the World Health 
Organization (WHO) regularly collated and published officially reported surveillance data.20 
Natural history characteristics of SARS-CoV-2 and heterogeneities in transmission as new 
VOCs emerged were quantified using case investigation,21 contact-tracing22 and viral genome 
sequencing data.23 

How do we monitor the epidemic’s impact? 

Continuously tracking the epidemic trajectory is important to quantify the burden of disease 
within populations and its variations over time and space.  

Initially, countries focused on estimating the number of imported COVID-19 cases. As case 
numbers increased, efforts shifted to capturing the total number of locally diagnosed cases. 
Variable testing access and capacity issues meant this was not a consistent indicator of 
transmission levels. Thus numbers of COVID-19 hospitalisations and deaths, which were 
more consistently tested and reported, were used as proxies for the level of transmission. 
However, hospitalisations and deaths represent only a fraction of all infections, and are lagged 
indicators which reflect transmission levels in the previous two  or three weeks due to the time 
between infection, developing severe symptoms, and death.  

To measure unbiased, real-time transmission, infection prevalence must be quantified in 
representative samples of the population. In the UK, the Real-Time Assessment of Community 
Transmission (REACT) and the Office of National Statistics COVID-19 Infection Survey, were 
instrumental in estimating trends in transmission and identifying risk factors for infection, thus 
helping to inform potential targeted control measures.24 Alternative methods were also 
leveraged, such as using wastewater surveillance to measure viral activity and monitor the 
changing dynamics of SARS-CoV-2 lineages in real-time.25 

Beyond real-time estimation of transmission levels, understanding SARS-CoV-2 immunity is 
important to quantify the potential future burden and transmission. Cohort studies such as 
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SIREN (Sars-cov-2 Immunity & REinfection EvaluatioN) in UK healthcare workers were 
designed to assess the risk of reinfection (and therefore the duration of protection) through 
linking frequent serology and virus testing in a non-representative but high exposure and high 
retention cohort.26 

How do we respond to control the epidemic? 
Interventions are often critical to mitigate the public health impact of a novel pathogen. The 
suite of interventions considered will depend on the availability and effectiveness of individual 
interventions, the pathogen’s characteristics, and disease burden. Furthermore, interventions 
will typically be continuously assessed  to adjust response efforts as needed.  
 
Rapid sharing of viral genome sequences helped to identify viral targets, and accelerated the 
development of vaccines and therapeutics. To evaluate the efficacy of such interventions, the 
gold standard is randomised control trials. Clinical trials of COVID-19 treatments (e.g., 
DisCoVeRy,  and RECOVERY) and vaccines were implemented at a rapid pace.27,28  
 
However, clinical efficacy does not translate directly into real-world effectiveness. The rapid 
roll-out of COVID-19 vaccines in multiple countries was followed by studies of real-world 
effectiveness, requiring information on infection prevalence and vaccine coverage. Both of 
those rely on robust population denominators, which were challenging to quantify as 
representative census data were often out of date.29 However, in high-income settings such 
as Europe and Israel, the numerous, robust vaccine effectiveness studies were invaluable to 
estimate the real-life impact of pharmaceutical interventions in the context of continuously 
emerging new variants. These studies helped inform the implementation of vaccination 
strategies such as age-targeted booster programmes. 
 
Although some randomised trials were carried out to assess specific non-pharmaceutical 
interventions (NPIs) such as mask-wearing, the evaluation of most NPIs, particularly those 
relying on social distancing measures, typically relied on indirect evidence or on observational 
data. The impact of changes in behaviours and social distancing on transmissibility was 
estimated using aggregated mobility reports, based on data routinely collected by Google and 
Apple Maps.30 To further elucidate how social-mixing changed with NPIs, and thus the 
effectiveness of policies, regular social contact surveys such as CoMix were informative.31  

These data generated insights into the effectiveness of the suite of NPIs. Assessment of the 
impact of specific interventions on transmission over time and space required detailed data on 
their implementation and uptake.32 Such data were previously not routinely collected 
systematically. Novel efforts such as the Oxford Government Response Tracker collected data 
on interventions implemented worldwide.33 Other similar efforts were carried out in parallel, 
e.g., by NGOs such as the ACAPs Government Measures Dataset.34 The European Centre 
for Disease Prevention and Control (ECDC)35 and the World Health Organization36 eventually 
developed central repositories collating data from the multiple platforms. YouGov polls on 
knowledge, attitudes, and practices towards COVID-19, were carried out at unprecedented 
scale. These efforts generated open source data, which demonstrated heterogeneous and 
declining adherence to control measures over time.37  
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Figure 1. Policy questions and data needs across the different phases of an epidemic. 
Identification of threats to public health requires continuous monitoring and surveillance. The 
first question is to assess (1) if there is an infectious disease outbreak, and if it is caused by a 
novel pathogen or the re-emergence of a known pathogen?. Once a causative agent has been 
identified, , the second question (2.) is to characterise morbidity and mortality - how dangerous 
is the pathogen and (3.) to understand transmissibility - its mode of transmission and how 
quickly the pathogen is spreading. While answering these questions, surveillance 
infrastructure should be rapidly scaled to ensure that (4.) the impact of the epidemic can be 
monitored. Other policy questions that emerge at the same time are (5.) understanding how 
the ensuing epidemic can be controlled. Throughout the epidemic, surveillance systems must 
be sustained to monitor changes in pathogen transmission or severity. After an infection wave 
has subsided, surveillance can be downscaled as focus moves towards longer term  disease 
surveillance and evaluating the need for changes in policy response. Flare-ups caused by a 
new pathogen, or a new variant of a previously circulating pathogen generate similar policy 
questions. 
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Data Challenges and Opportunities 

Scalability - initial ability to increase data collection and processing 
 
Early in the pandemic, data collated manually from informal sources were critical for 
addressing public health questions.38 However, these manual volunteer-led efforts became 
unsustainable as cases grew exponentially. The inherent limitations of tools used to collate 
case data collaboratively motivated the creation of new systems such as Global.health that 
standardised and automated data ingestion and validation.39 Global.health has collated over 
100 million individual records of COVID-19 patients from over 100 countries and is focussed 
on curating detailed de-identified case records during the early phase of new emerging 
infectious disease outbreaks, most recently during the 2022 monkeypox outbreak.40 The 
development of such systems was made possible by drawing on expertise from multiple 
disciplines including software engineering, public health, and data governance. Similarly, 
event-based surveillance of COVID-19 indicators has increasingly been streamlined over the 
course of the pandemic. Several international agencies have automated retrieval of relevant 
data from official websites and social media channels worldwide.41 Conversely, the Oxford 
COVID-19 Government Response Tracker continues to rely on volunteer-led collection of data 
on interventions globally. Although the initiative was scaled successfully and sustainably 
through multiple COVID-19 waves, geographic coverage of the collated data has varied 
substantially. As countries relax COVID-19 measures, the waning public interest in the 
pandemic has made retention and recruitment of volunteers challenging, requiring more 
concerted efforts towards attracting and engaging volunteers, and a rethink of the original 
model of contribution.  
The development of new tools and adaptation of existing technology helped to scale the 
response. Digital contact tracing was a technical innovation in response to the rapid spread of 
SARS-CoV-2 that outstripped manual tracing efforts.42 Despite some initial scepticism, most 
European countries adopted digital contact tracing, which vastly increased the volume of data 
that could be collected. Mobile health approaches like the UK ZOE COVID-19 symptom 
tracker to collect self-reported symptoms were rolled out very rapidly after the detection of the 
first case. As an existing collaborative project between academia and a health science startup, 
ZOE’s ability to scale rapidly and efficiently can therefore be partly attributed to leveraging 
existing technical competencies and infrastructures.  
 
 
While the magnitude of the pandemic sparked creative approaches to the collection and 
utilisation of new data streams, it has also highlighted several challenges. Tools often used 
for outbreak analytics were challenged by the larger volume of data available during the 
pandemic.43 In analysis pipelines, download or upload of datasets became a rate-limiting step. 
Fitting complex models, initially designed for real-time analysis, to data accrued over the last 
two years can now take several hours to days. 
 
A critical appraisal of the successes and shortcomings of how systems scaled their response 
reveals important opportunities for future preparedness. Early in an outbreak, news and social 
media are likely to remain important sources of information.1,44 Subject matter expertise will 
therefore continue to play an important role in detecting a signal from the large volume of data 
during emerging outbreaks. Stronger partnerships between media and academia, and 
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standardisation of data reporting across sources alongside automated extraction, ingestion, 
validation, and analysis pipelines will improve the scalability of early response operations.45,46 
The Epidemic Intelligence from Open Sources (EIOS) initiative led by the WHO is a powerful 
example of such a multi-sector approach.47 Development of tools that can integrate systematic 
collection of data on interventions into routine surveillance systems will reduce the need for 
post-hoc data scraping and collation.   

Re-scalability - adapt data collection and processing to changing priorities 
 
The challenges in scaling up data collection in early 2020 were repeated in subsequent waves 
(e.g., mid-2021 in Europe) as surveillance was relaxed and had to be stepped up when new 
variants emerged. The changing priorities over the course of the pandemic have demonstrated 
the value of developing surveillance systems that can be rapidly re-scaled when needed. Agile 
systems could facilitate faster activation of comprehensive data collection when a novel 
pathogen emerges and in response to flare-ups of ongoing epidemics.  
 
While many countries move towards a chronic phase of the pandemic, data collection efforts 
are being scaled or shut down as dedicated funding finishes. In the UK, REACT cross sectional 
infection- and sero-prevalence surveys and free universal PCR-testing ended in April 
2022.48,49 and hence genomic surveillance in the general population has ceased.50 Reducing 
data collection efforts as case numbers decline is logical from an economic perspective. 
However, the down-scaling of surveillance must be orchestrated to achieve a minimal cost-
effective system that can still rapidly detect epidemic resurgence to quickly reactivate more 
comprehensive surveillance mechanisms.  
 
Optimising the downscaling of surveillance requires evaluating the extent to which each data 
stream was used to support epidemic management. Retracing the pathway from data to 
decision making is challenging, but could be achieved through expert panel consultations and 
by analysing, where available, publicly released summaries of the scientific evidence 
considered by policy makers. This will ensure the most informative and actionable data 
sources are prioritised going forward. Similarly, assessing whether necessary scientific 
evidence could have been obtained with less data can highlight data streams that are 
important but could be scaled down. As well as the volume of data, the quality of data and 
synergy between data streams is a key consideration when designing data collection 
infrastructure. 
 
An important element of agility and resilience in systems is integrating evidence across 
multiple data streams as over-reliance on individual sources can make the systems fragile. 
Multiplicity of data streams can also reduce inherent biases in different data streams. For 
instance, uneven smartphone ownership across age-groups or geographic regions, can bias 
the mobility patterns derived from mobile phone usage.51 Hence, these data should be 
augmented with other sources, such as surveys. Quantifying the monetary and non-monetary 
cost of collecting each data stream, which can vary across epidemic phases, is also critical. 
Economies of scale could be made by identifying functional redundancies and expanding and 
capitalising on existing surveillance systems.52 The UK Health Security Agency has expanded 
its seasonal respiratory pathogen surveillance to include COVID-19 through cross-disease 
studies and multiplex testing.53 Identifying where and how existing health systems could be 
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strengthened, for example laboratories or computational infrastructures, will also ensure that 
scalable systems are durable.  
 
The cost benefit of data collection should be evaluated over the long term, so that the pay-off 
of seemingly large upfront costs are accurately accounted for. For example, large investment 
in genomic surveillance in the UK, Denmark, and South Africa prior to SARS-CoV-2 
emergence, paid dividends in the capability to rapidly detect and characterise new variants. 
Similar investments in collecting, and regularly updating, baseline demographic, contact and 
mobility data are critically needed. These data are crucial to address a range of public health 
questions including estimation of infection prevalence, severity, vaccine effectiveness, and 
vaccine stockpile needed, and would provide benefits well beyond a particular public health 
crisis. 
 
Sharing existing protocols for data collection and analysis,54 with open source ready-to-use 
data formats and tested analytic tools, will facilitate rapid reactivation of data collection and 
improve equity. Institutional memory of surveillance and analysis pipelines must be maintained 
through documentation and training materials, which will facilitate knowledge transfer and 
onboarding of new recruits. Sustained funding to retain skilled data collectors and analysts is 
essential. Finally, maintaining and building trusted interdisciplinary collaborative networks 
between epidemics amongst key stakeholders with dedicated funding and coordination, will 
be vital for the rapid and effective scale up of surveillance efforts leading to timely and 
actionable analyses. 

Conclusion 
 
As we emerge from the acute phase of the COVID-19 pandemic, it is essential to reflect on 
the successes and missed opportunities to better prepare for a resurgence of COVID-19 and 
for future epidemics and pandemics. While predicting the emergence of the next novel 
pathogen is not possible, we can anticipate in part the questions that will need to be addressed 
and the data needed to answer them. The COVID-19 pandemic, and sequential emergence 
of novel variants, has underscored the importance of scalable, re-scalable, and sustainable 
data collection systems and associated analytical tools. 

Looking ahead, investments during inter-pandemic times will be key to retain individual 
expertise, maintain networks between stakeholders globally and the broad scientific 
community, and sustain baseline surveillance. Such investments will ensure a rapid and 
structured scale-up of data collection and analyses required to mitigate the impact of the next 
emerging pathogen. 
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