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Summary 

Drivers are factors which have the potential to directly or indirectly 
influence the likelihood of (re)-emergence of infectious diseases. It is 
likely that such emerging infectious diseases (EIDs) rarely occur as a 
result of only one driver but rather a network of sub-drivers (factors that 
can influence a driver) which provide conditions that allow for a 
pathogen to (re)-emerge and become established. Data on sub-drivers 
have, therefore, been used by modellers to identify hotspots where EIDs 
may next occur or, which sub-drivers have the greatest influence on the 
likelihood of them occurring. To minimise error and bias when 
modelling how sub-drivers interact and to therefore predict the 
likelihood of the emergence of an EID, it is necessary to have good 
quality data describing these sub-drivers. This study assessed the 
quality of available data against various criteria for sub-drivers of West 
Nile virus as a case study. The data were found to have varying quality 
with regards to fulfilling the criteria. The characteristics with the lowest 
scores were completeness (where data are available such that all 
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requirements for the model are fulfilled) and consistency. These are 
important characteristics as an incomplete dataset could potentially lead 
to erroneous conclusions being drawn from modelling studies. Thus, 
the availability of good quality data is essential to reduce uncertainty 
when estimating the likelihood of where EID outbreaks may occur and 
to assist in identifying the points in the risk pathway where preventative 
measures may be taken. 
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Introduction 

Global epidemics, or pandemics, have never been more pertinent than 
the present day with coronavirus disease 2019 (COVID-19) resulting in 
an unprecedented global public health, social, and economic crisis. 
COVID-19 fits in the category of emerging infectious diseases (EIDs), 
broadly defined as diseases that are increasing in their incidence, 
geographic or host species range, or their impact [1]. Identifying 
potential drivers of EIDs can help to better understand how, when and 
where they happen, providing evidence that could help to prevent the 
next pandemic. 

Drivers are factors which have the potential to directly or indirectly 
influence the likelihood of (re)-emergence of infectious diseases [2]. 
Drivers predominantly fall into three broad categories: biological, 
ecological (including demographic) and behavioural [3, 4, 5, 6, 7, 8]. 
Our understanding of the specific effects of many of these drivers are 
often supported by limited hard data because ecological and biological 
systems are highly complex and multi-layered [3, 9]. Very often drivers 
are only assumed to be responsible for the occurrence of an EID based 
on expert elicitation [10], but substantiating data to prove this 
assumption are lacking or have not been subjected to robust analyses to 
disentangle association and causation. Thus, there will always be a 
degree of uncertainty. Additionally, ‘unknown drivers’ or a 
combination of drivers which provides the correct conditions for 
emergence of disease are often rarely accounted for. 
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It is likely that EIDs rarely occur as a result of only one driver but rather 
a combination of sub-drivers (factors that can influence a driver) which 
provide conditions that increase the likelihood of a pathogen (re)-
emerging and becoming established [11]. The driving factors may not 
be successive and there may be extensive time periods between events. 
For instance, a pathogen may be released into a naive population several 
times before it becomes able to transmit from animal to animal or 
person to person, if at all [12]. Thus, more often than not, sub-drivers 
are required for both release or emergence of a pathogen and for 
subsequent spread or onward transmission for an EID to occur. The 
likelihood of EIDs occurring could potentially be anticipated through 
surveillance of their sub-drivers using both global and regional data if 
they were of sufficient quality. 

The conditions leading to a new EID have been described as a microbial 
‘perfect storm’ arising from a rare and complex combination of sub-
drivers [13]. Contrary to this, however, is the view that the 
circumstances have not arisen from a ‘large number of usually 
unpredictable factors’ but from long standing and well understood 
human actions and inactions [14]. The use of the term ‘perfect storm’ 
creates an impression that is reactive rather than proactive with 
concepts of randomness and volatility that may undermine the ability 
to anticipate and prevent pandemics before they emerge. A ‘perfect 
storm’ frame of mind emphasises the power of chance over the efficacy 
of prevention efforts whereas historical EID outbreaks have shown that 
long-term investments in disease tracking and surveillance, scientific 
research, and public health infrastructure have been shown to be key to 
containing at least some emerging threats [14]. It is likely that a more 
realistic scenario is a hybrid situation whereby surveillance of drivers 
can indicate changes in conditions that increase the likelihood of EIDs 
occurring and the ‘perfect storm’ occurs when certain factors converge 
and a ‘tipping point’ is reached. Following this rationale, levels of 
concern can be triggered by the timely supply of good quality data from 
surveillance of recognised drivers. 

A further challenge is that a study on the use of evidence when 
predicting the likelihood of EIDs occurring found that the unconscious 
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bias of the knowledge of these sub-drivers can cause researchers to miss 
other more locally grounded sub-drivers e.g. the local building of roads 
and housing in rural agricultural areas. Such an activity is a behavioural 
sub-driver, in this example, affecting land use change which could 
affect both the abundance and habitat range of wildlife and vectors. 
Thus, there is a need for perceived risks to be locally contextualised 
[15]. Consequently, whilst there may be known hot spots for EID 
release, effort is also required to identify hidden drivers and challenge 
preconceptions arising from unconscious bias regarding traditional 
generic drivers. 

Partly in view of the above complexities, current responses to EIDs are 
largely reactive instead of proactive. The ability to predict the 
likelihood of EIDs occurring with low uncertainty would allow for 
prevention, early detection, and swift and effective reaction to mitigate 
impact [16]. An understanding of the biological, ecological (including 
demographic) and behavioural factors that contribute to the emergence 
of infectious diseases is required for this process. This requires a fusion 
of data from a broad array of sources [16]. EID outbreaks are often 
preceded by change affecting the factors that influence pathogen 
presence and spread. Modelling how EID outbreaks develop with a 
focus on these drivers can help propose preventive actions aimed at 
reducing the likelihood of pathogen emergence by specifically tackling 
significantly influential sub-drivers [17]. In addition, such modelling 
can help pinpoint where early warning surveillance could be targeted. 

Data on sub-drivers have, therefore, been used by modellers to identify 
hotspots where EIDs may next occur or, which drivers have the greatest 
influence on the likelihood of them occurring [18]. In order to minimise 
error and bias when modelling how drivers may interact resulting in the 
emergence of an EID, it is necessary to have good quality data that 
describes these drivers. A lack of data, or poor-quality data, can limit 
modelling outputs as their reliability is conditional on the robustness of 
the data inputs. This study assesses the quality of available data for sub-
drivers of West Nile virus (WNV) as a case study, and the application 
of these data in estimating the likelihood of potential future outbreaks 
of WNV through modelling and forecasting. 
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Examples of data for drivers of emerging 
infectious diseases 

When considering data, it is appropriate to investigate all sources 
including the innovative and novel as well as the more traditional. New 
technologies have allowed for rapid access to many more types of 
information and integrating data elements from the micro level (genes) 
to the macro level (social, political, climate, global mobility patterns) 
could allow for better information systems to anticipate and prepare for 
epidemics [7]. 

Traditional data such as passenger travel or live animal/animal products 
trade data are useful to monitor routes via which the global spread of 
diseases can occur whilst more novel techniques such as data mined 
from the use of internet search engines or social media can prove useful 
to monitor and prevent more localised spread of an EID. Data scientists 
at Google were the first to use data gathered online to track infectious 
diseases with Google Flu Trends infection forecasting by combing 
through queries on the search engine to look for small increases in ‘flu-
related terms’ such as symptoms or vaccine availability [19]. The use 
of such sources of data needs proper scrutiny as it may be impacted by 
evolving events. For instance, when Google Flu Trends was used during 
the H1N1 pandemic in 2009 an increasing number of false results was 
observed as people’s behaviour changed in the wake of media reports 
resulting in uninfected people searching for flu symptoms [19]. Thus, 
for EIDs there are challenges when internet searches may spike out of 
general fear or curiosity [19]. 

A further advance is the use of citizen science derived from active 
public involvement in scientific research. Data sourced in this way is 
prone to variability in quality, for example, if data collection protocols 
are not followed or are incorrectly implemented [20]. The use of citizen 
science surveillance can, however, be beneficial, particularly where 
resources are limited or where large-scale surveillance, both in time and 
space, would otherwise be financially infeasible, for example, 
Mosquito Alert (http://www.mosquitoalert.com) [21]. 

http://www.mosquitoalert.com/
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Data derived from Earth observation (EO) is of great interest for work 
on EIDs as they can offer continuous spatial and temporal coverage. 
Earth observation describes the data on the Earth’s physical, chemical 
and biological systems via remote sensing technologies, usually 
involving satellites carrying imaging devices. Earth observation data 
can therefore be used to monitor and assess the status of, and changes 
in, the natural and manmade environment [22] and can provide a timely 
source of data across countries, regions and cities on natural resources 
and ecosystems. Data can be combined with other geo-referenced 
socio-demographic, economic and public administration data to make 
indicators and analysis more relevant and targeted. This has the added 
benefits for EIDs that there will often be historical data which can be 
used to explore the relationship EIDs have with the environment by 
comparing different periods of time, and to derive trends [23]. 

Another area where EO data are useful is the monitoring of climatic 
changes as a driver of EIDs [22]. The Climate Change Initiative 
generates continuous global data records for key aspects of the climate 
known as Essential Climate Variables [22]. Earth observation satellites 
also have the advantage of providing accurate measurements of areas 
that are difficult to reach such as polar regions which are important for 
development of climate hazard early warning systems and 
measurements of climate change. 

Although there is a plethora of data sources, a proven system that 
integrates several sources of data is necessary for EID early warning 
surveillance. However, combining the various data sets will highlight 
the difficulty in quantifying information at different scales of space and 
time [19]. One of the key aspects before deciding to start combining 
data is an assessment of their quality. 

Quality of data for drivers 

Assessing the quality of data is a challenge and depends on defining 
what those qualities represent and what is most important to the 
application(s) for which they are being used [24]. The key to the use of 
data characteristics is an understanding of what is important for the 
particular use when evaluating data i.e. modelling of drivers of EIDs. 
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These requirements will, in turn, help define the criteria best used for 
assessing data quality. 

There have been many published sets of data characteristics (see for 
example, [25, 26, 27]) and their assessment (see for example, [28, 29, 
30, 31]). The data characteristics, and their definitions, used here were 
selected by the authors from the previous citations as being most 
relevant to reducing uncertainty when modelling EID outbreaks and are 
shown in Table I. Thus, these definitions are a synthesis of those cited 
above to best fit the requirements for our purposes. 

Data sets for specific sub-drivers are likely to be variable across the 
characteristics, and it is unlikely that a data set will satisfy all of them. 
However, each has a role to play. For example, internet search engines 
such as Google traffic, can provide data with a very small time-lag 
between occurrence and data collection (timeliness) whereas EO data 
can provide very high coverage of data points at varying levels of 
resolution (granularity). Some data may not fully satisfy certain quality 
requirements e.g. timeliness or accuracy but there may be an acceptable 
trade-off. In particular, where the benefit of data inclusion outweighs 
the introduced uncertainty associated with an imperfect data set. 

Case study – West Nile virus 

A quality assessment framework using the characteristics as specified 
in Table I was applied to WNV as a zoonotic case study to observe 
whether sufficient quality data were available to estimate the likelihood 
of a future outbreak in a country where WNV has not yet been observed. 
This work was done in the context of a European Union funded project, 
aimed at improving outbreak reaction and early warning through 
mining of data from multiple sources (Versatile Emerging Infectious 
Disease Observatory). West Nile virus (family Flaviviridae; genus 
Flavivirus) was chosen as it is currently present in parts of Europe and 
is thought to be one of the EIDs that may expand towards Western- and 
Northern Europe as a consequence of climate change. WNV is 
maintained by a complex transmission cycle involving multiple species 
of mosquitoes and birds [32]. The enzootic cycle is driven by 
continuous virus transmission to susceptible bird species through adult 
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mosquito blood-meal feeding which results in virus amplification. 
There is genetic diversity among the viral strains identified in vectors 
and birds in Europe, including several different phylogenetic clades 
[33] suggesting that there have been repeated introductions of WNV 
into Europe and the virus has since overwintered in mosquitoes [34], 
and possibly other hosts (see Reiter [35] and Sambri et al. [36] for 
reviews). 

The epidemiological situation of WNV in Europe is heterogeneous; 
some European countries report outbreaks in humans and animals every 
year whilst others have never reported any autochthonous cases. Since 
2019, WNV has been reported in humans or horses as far north as 
Brandenburg, Berlin and Saxony-Anhalt in Germany [37] and the 
identification of the first seven clinical cases of autochthonous human 
and wild bird WNV infections in 2020 in the Netherlands confirms the 
virus’ potential to expand its geographical distribution northward [38, 
39]. The most recent sequences that clustered with the Dutch WNV 
sequences originated from Germany, suggesting this may be the origin 
of the virus found in the Netherlands [39]. 

A review of the literature on emerging vector-borne zoonotic diseases 
(VBZD) in general found that the most common potential driver of 
disease emergence referred to by authors was land use change. But for 
many diseases, the driver was unknown, illustrating the complexity and 
multifactorial nature of VBZD emergence and spread. Land use change, 
international trade and commerce were more frequently cited as 
important for emergence than climate and weather. Ecological impacts 
due to anthropogenic landscape changes, local contact opportunities, 
and humans and vectors moving between, or to, new climatically 
suitable regions due to globalisation were implicated more often than 
climate change alone as drivers of VBZDs in the literature reviewed 
[40]. 

The interaction of drivers collated from a literature search specifically 
on their importance for the emergence of WNV is shown in Figure 1 
[40, 41, 42, 43, 44, 45, 46, 47, 48, 49, 50, 51, 52, 53, 54, 55, 56, 57, 58, 
59] although it is acknowledged that they are not exhaustive. Mosquito 
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activity varies both spatially and temporally according to climatic 
conditions and, since the vertebrate hosts are birds, migratory birds 
have the potential to carry the virus over long distances. The 
coalescence of bird migration, landing periods, peak vector abundance 
and suitable temperatures for the extrinsic incubation period [35] are all 
drivers which are needed to complete the enzootic cycle of WNV prior 
to initial release into the human population [60]. 

The quality of available data sources to describe the drivers (shown in 
Figure 1) in a suitable model to estimate the likelihood of future 
outbreaks was assessed with results shown in Table II. Each data source 
was scored by the authors against the six criteria according to the 
categories shown in Table I. 

Results 

Table II illustrates that the data describing the various sub-drivers 
identified as contributing to WNV outbreaks, have varying quality with 
regards to fulfilling the criteria stated in Table I. The characteristics 
with the lowest score over all the data sets were completeness and 
reliability and consistency. These are important characteristics as an 
incomplete dataset can increase uncertainty, and potentially lead to 
erroneous conclusions being drawn from modelling. 

Genetic sequencing EO/Google Earth for land use, and meteorological 
datasets all scored highly for most of the characteristics assessed. These 
datasets are freely available and have good granularity although 
timeliness can be an issue for some data, for example, genetic 
sequencing with data only being released subsequent to publication. 
The use of such data when modelling the likelihood of a WNV outbreak 
can reduce uncertainty and increase confidence in the outputs. Six data 
sources were available to map bird migration routes to describe the sub-
driver of seasonal migration and expansion of range of establishment. 
Whilst they all scored the same with medium uncertainty for all 
characteristics, using a combination of data from all six data sources in 
a model may reduce the uncertainty surrounding these inputs. 
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Traditional data sources, such as census data and trade data, which are 
important when modelling changes in human population density and 
potential global movement of pathogens respectively, tended to suffer 
from lack of timeliness. These usually have annual releases or, as in the 
case of census data, are only collected once every ten years. A country’s 
demography may not generally change within a few weeks/months, but 
this may be an important consideration during times of conflict or 
famine resulting in unusually large movements of people. Additionally, 
whilst drivers of emergence of an EID are processes that can take many 
years, drivers of spread may need to have more timely data, being 
effective over much shorter time spans. 

Social media data sources tended to score lower for accuracy and 
precision and reliability and consistency. On the plus side web-based 
disease surveillance methods are adaptable, low cost, and can be 
operated in real-time. Their use has particularly progressed during the 
COVID pandemic such as the United Kingdom Zoe Health Study 
(https://health-study.joinzoe.com). Sub-drivers that required data from 
scientific studies, such as those relating to human behaviour, did not 
generally score high for availability and accessibility. Such studies are 
very often made public via publication in journals, but full data are 
sometimes not disclosed, supplied as supplementary material or only 
available on request to the author. Access to data in publications can 
also be restricted if the journal is not open access but requires 
subscription. 

Whilst the data sources were reviewed in regard to their fulfilment of 
the various criteria (as described in Table I) it is acknowledged that 
there may also be differences in the ‘weight’ of the need for fulfilment. 
For example, human census data usually do not change dramatically, so 
the timeliness criteria could be given less weight in this instance. 
Similarly, as suitable temperatures for the extrinsic incubation period 
of WNV can vary then accuracy and granularity would have more 
‘weight’ for the meteorological data source [61]. 

https://health-study.joinzoe.com/
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Discussion 

This paper assessed the quality of available data for sub-drivers of 
WNV as a case study for a zoonotic EID from a perspective of their use 
in predicting potential future outbreaks through modelling and 
forecasting. The ability to minimise uncertainty when modelling the 
likelihood of an EID occurring would allow for preventative measures 
or, at least, a rapid response which could limit the spread and 
consequences of an EID outbreak. Modelling of EIDs can help simulate 
the effect of preventive actions aimed at reducing the effect of specific 
sub-drivers (or combinations) resulting in pathogen emergence. 

There are currently no existing standards for mining and analysing data 
from the internet and the results or decisions reached based on internet 
sources have previously been classified as low quality [62]. However, 
novel methods of data collection, such as citizen science and EO, have 
encouraged data quality assessment schemes to validate their uses as 
data sources [20, 63, 64]. 

Barriers preventing or delaying data sharing can be a problem for 
modelers with regard to data availability or accessibility. It is 
increasingly recognised that in order to prevent and control outbreaks 
of EIDs, interdisciplinary collaborations in all aspects of health care for 
people, animals and the environment are necessary. Most barriers can 
be mapped to the initial stages of sampling and sequencing phases. 
These are stages of primary importance to outbreak control and public 
health response. The early identification of changes in pathogens’ 
genomes are of utmost importance for signalling (re)-emerging 
infectious diseases and developing diagnostic tests and vaccines as has 
been seen in the recent outbreak of severe acute respiratory syndrome 
coronavirus 2, more commonly known as SARS-CoV-2. The Nagoya 
Protocol was developed to facilitate access to genetic resources and the 
fair and equitable sharing of benefits arising from their utilisation. 

Table II illustrates data that are available to define the sub-drivers of a 
zoonotic outbreak of WNV when those drivers which have been 
documented in literature are considered. However, by assessing only 
those known drivers there is the concern that unknown drivers are not 
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being accounted for particularly at the local level. If potential unknown 
drivers also have an influence, then the uncertainty surrounding 
forecasting will increase and detailed planning may be inappropriate. 
Drivers may also need to occur in a certain synchrony for an EID 
outbreak to occur. 

The sub-drivers documented in Table II are based on prior knowledge 
from literature which has cited these drivers as being important for 
WNV outbreaks. Association between occurrence of disease and 
drivers does not, however, equal causation i.e. there may be an 
association between the two but this association may be influenced by 
other sub-drivers. The process then becomes similar to a self-fulfilling 
prophecy whereby outputs of predictive models can only tell us about 
the relationship between drivers which have been selected beforehand. 
For example, it is still unknown how WNV first arrived in New York 
City [65] but it has since spread across North, South and Central 
America and the Caribbean. This is because predicting a WNV outbreak 
is challenging due to the complexity of the drivers involved. 

It may be possible to use available data in a different way to generate 
more knowledge. For example, a recent study by Lakshmi Priyadarsini 
et al. [66] used a theory building approach and tool to rank 
anthropogenic drivers on their impacts on other factors and the 
interdependence among them. The results revealed that changes in any 
individual factor in the study could directly or indirectly help to cause 
repeated epidemics. Expanding human populations, globalisation, and 
civil unrest were the top factors. More research could be done into the 
interrelationship between drivers and how they influence each other. 
Regarding both ‘unknown knowns and unknowns’ the areas of machine 
learning could be explored to reveal previously undetected 
relationships/patterns in data. It may also be possible to introduce a so 
called ‘chaos driver’ as a scenario analysis to see how this affects the 
potential of pathogens for emergence and spread. Using machine 
learning could reduce the elements of unconscious bias which may exist 
from traditional modelling. 
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By modelling the sub-drivers of any particular EID it may be possible 
to assess the likelihood of an outbreak occurring or at least allow for 
preventative measures which could limit the consequences of an 
outbreak. For example, in the case of African swine fever (ASF), whilst 
it is not possible to follow the illegal movement of pig meat it is possible 
to identify poor biosecurity as a sub-driver for onward transmission of 
this virus. Having the data resources of knowing the location of pig 
farms and encouraging enhanced biosecurity at these premises to 
prevent further outbreaks of ASF can therefore limit the potential 
spread of this EID. Thus, the availability of good quality data is 
essential to be able to assess the likelihood of where EIDs may occur 
and to assist in identifying the points in the risk pathway where 
preventative measures may be taken. Performing an assessment of the 
data quality for drivers of EIDs can identify areas where 
additional/different data sources can help reduce uncertainty in the 
model outcomes when assessing the likelihood of an outbreak 
occurring. 
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Table I 

Characteristics and scores (with definitions described by the authors) against which data quality can be measured 

 Characteristic Description 1 = High uncertainty 2 = Medium uncertainty 3 = Low uncertainty 

1 Accuracy and precision 
(relevance) 

The data capability to 
measure the sub-driver; the 
degree to which data 
correctly describes the sub-
driver; to what degree the 
data will not cause 
ambiguity 

No precise data are 
available; data set is a 
proxy data set for the sub-
driver; data available may 
cause ambiguity; data has 
not been verified 

Data are not proxy data but 
there may be some 
ambiguity introduced as the 
measurement scale may be 
too broad for model 
purposes 

Data are relevant to the 
purposes for which it is to 
be used and relates directly 
to the requirements of the 
model. There is little 
uncertainty of the accuracy 
of the data in describing the 
sub-driver 

2 Reliability and 
consistency 

The degree to which the 
data in the dataset are 
consistent with data in 
another dataset; the 
absence of difference when 
comparing two or more 
representations of a sub-
driver 

The data values for a 
specific sub-driver differ by 
a substantial margin when 
compared to another 
dataset which would 
increase uncertainty in the 
model 

The data values for a 
specific sub-driver differ by 
a small margin when 
compared to another 
dataset which may 
introduce some uncertainty 
in the model 

The data values for a 
specific sub-driver show 
little or no variation in 
values reducing uncertainty 
over the reliability of the 
data 

3 Timeliness The degree to which data 
represents the sub-driver 
for the specified timeframe 
i.e. whether data are 
regularly updated and time 
delay from data generation 
to utilisation 

Data are old or not 
available quickly; 
considered out of date and 
will not be capturing 
relevant changes to the 
sub-drivers which are 
happening at the present 
moment 

Some time lag between the 
actual data delivery and the 
specific timeframe 
addressed in the model. 
Introduces some 
uncertainty 

Data are collected from 
within a relevant time period 
to be able to draw accurate 
conclusions; data are 
available quickly to support 
modelling needs. Data 
updates occur frequently 
and allow any changes to 
be rapidly captured 
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4 Completeness and 
comprehensiveness 

The extent to which data 
that are needed are 
available compared to the 
amount of data that are 
needed; the proportion of 
available data against the 
potential of 100% complete; 
whether the deficiency of 
data will impact the use or 
accuracy 

Very incomplete data are 
available when compared to 
the requirements of the 
model which may lead to 
high levels of uncertainty 

Some data are available, 
but more would be needed 
to achieve the full 
requirements of the model 
and reduce uncertainty to a 
low level 

A complete data set is 
available so that all 
requirements for the model 
are fulfilled; data are 
accompanied by 
appropriate metadata 
including limitation in use 

5 Availability and 
accessibility 

The degree to which data 
exists and the access is 
limited; the extent to which 
data are available or easily 
and quickly retrievable; 
whether a data access 
interface is provided; the 
difficulty level for users to 
obtain data 

Data are not directly 
available for use and will 
incur a cost or require an 
application for use to a 
private company or 
competent authority. 
Application for the data may 
take time and the lack of 
accessibility can prevent 
access to data, the lack of 
which can make model 
results highly uncertain 

A data access interface is 
not available making data 
mining a difficult process 
which can introduce error 
and increase uncertainty 

Data are freely available 
and accessible; unrestricted 
access to data with a 
comprehensive data access 
interface allowing easy 
access to the user 

6 Granularity The level of resolution of 
the data when compared to 
the requirements of the 
model 

Data are 
aggregated/summarised 
and thereby potentially 
missing important insights 
at a local level or time span. 
Model results will be 
generalised which will 
introduce high uncertainty 

Data are available but in 
greater intervals/spatial 
areas than required by the 
model such that the lack of 
resolution may introduce 
some uncertainty in the 
model results 

The level of detail (or 
resolution) of the data 
describing the sub-driver is 
suitable for modelling 
requirements so that 
accurate conclusions can 
be drawn at the required 
scale of detail 
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Table II 

Examples of data sources and quality of the sub-drivers to predict emergence of West Nile virus in humans in an area with no 
previous detection of the virus in humans or birds (see Table I for characteristic/scoring definitions) 

Sub-driver Data 
requirements 

Data sources  
(with example references) 

Accuracy 
and 

precision 

Reliability 
and 

consistency 
Timeliness Completeness 

Availability 
and 

accessibility 
Granularity Total 

Seasonal 
variables/changes 
in seasonal 
variability/climatic 
variables 

Gridded 
climate 
observations 

Meteorological data (https://psl.noaa.gov) 3 3 3 3 3 2 17 

Natural 
environmental 
processes 

Geological 
events 

Geological survey data 
(https://www.bgs.ac.uk) 3 2 2 2 2 3 14 

Industrial and 
economic 
development 

Change of 
land use 

Urban light intensity 
(https://urbannext.net) 1 1 3 1 2 2 10 

International Monetary Fund 
(https://www.imf.org) 1 2 1 1 3 1 9 

World Bank Open Data 
(https://data.worldbank.org) 1 2 1 1 3 1 9 

Farming 
management: 
tree density; 
proximity to 
wetlands; 

Earth observation 
(https://earthobservatory.nasa.gov/image
s/147612/counting-trees-in-africas-
drylands) 

3 3 2 3 3 3 17 

Google Earth (https://earth.google.com) 3 3 3 2 2 3 16 

https://psl.noaa.gov/
https://www.bgs.ac.uk/
https://urbannext.net/
https://www.imf.org/
https://data.worldbank.org/
https://earthobservatory.nasa.gov/images/147612/counting-trees-in-africas-drylands
https://earthobservatory.nasa.gov/images/147612/counting-trees-in-africas-drylands
https://earthobservatory.nasa.gov/images/147612/counting-trees-in-africas-drylands
https://earth.google.com/
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deforestation; 
urbanisation Lakes and wetlands mapping 

(https://www.medwet.org/codde/8_Earth
Observation/EarthObservation-
Manual.pdf) 

3 3 2 2 2 3 15 

Normalised difference vegetation index 
(https://eos.com) 3 3 2 2 1 2 13 

Increasing human 
population density 

Human 
population 
density 

Nomenclature of territorial units for 
statistics (https://commission.europa.eu) 2 2 2 2 3 2 13 

Gridded Population of the World 
(https://sedac.ciesin.columbia.edu/data/c
ollection/gpw-v4) 

2 2 2 2 2 2 12 

Earth observation 
(https://neo.gsfc.nasa.gov/view.php?data
setId=SEDAC_POP) 

2 2 2 2 2 2 12 

Urban light intensity 
(https://urbannext.net) 1 1 3 1 2 2 10 

Census data (https://census.gov.uk) 3 3 1 3 1 3 14 

Increased poverty Poverty rates Census data (https://census.gov.uk) 2 2 1 2 1 3 11 

Increased travel 
and tourism 

Flight data International Air Transport Association 
(https://www.iata.org) 3 3 3 3 1 3 16 

Maritime data Maritime and shipping statistics 
(https://www.statista.com) 3 3 2 3 1 2 14 

Movements 
and numbers 
of people by 
destination 

Mobile phone data of localised 
movements 
(https://www.nature.com/articles/s41598-
021-81873-6) 

1 1 2 1 1 2 8 

https://www.medwet.org/codde/8_EarthObservation/EarthObservation-Manual.pdf
https://www.medwet.org/codde/8_EarthObservation/EarthObservation-Manual.pdf
https://www.medwet.org/codde/8_EarthObservation/EarthObservation-Manual.pdf
https://eos.com/
https://commission.europa.eu/
https://sedac.ciesin.columbia.edu/data/collection/gpw-v4
https://sedac.ciesin.columbia.edu/data/collection/gpw-v4
https://neo.gsfc.nasa.gov/view.php?datasetId=SEDAC_POP
https://neo.gsfc.nasa.gov/view.php?datasetId=SEDAC_POP
https://urbannext.net/
https://census.gov.uk/
https://census.gov.uk/
https://www.iata.org/
https://www.statista.com/
https://www.nature.com/articles/s41598-021-81873-6
https://www.nature.com/articles/s41598-021-81873-6
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Increased 
international trade 

International 
trade 

Food and Agriculture Organization of the 
United Nations (https://www.fao.org) 2 2 2 2 3 1 12 

Seasonal bird 
migration/short 
distance 
migration; 
expansion in 
range of 
establishment 

Bird migration 
routes 

Bird migration network (https://ebird.org) 2 2 2 2 2 2 12 

Bird ringing (https://euring.org) 2 2 2 2 2 2 12 
Bird ringing (https://www.bto.org) 2 2 2 2 2 2 12 

Bird tracking 
(https://www.bto.org/understanding-
birds/articles/bird-tracking-%E2%80%94-
masterclass) 

2 2 2 2 2 2 12 

Google Earth (https://earth.google.com) 2 2 3 2 2 3 14 

Change in 
abundance/ 
species range of 
host 

Bird numbers 
and range 

Public gardens birdwatch 
(https://www.birdcount.org) 2 2 2 2 2 3 13 

Surveillance (https://pecbms.info) 2 2 2 2 3 2 13 

Waterbird population surveillance 
(https://wpe.wetlands.org) 2 2 2 2 2 2 12 

European Bird Census Council 
(https://www.ebcc.info) 2 2 2 2 3 2 13 

Citizen Science 
(http://datazone.birdlife.org/info/citizensci
ence) 

2 2 2 2 2 2 12 

Change in 
abundance/ 
species range of 
vector 

Vector 
numbers 

Surveillance 
(https://www.cdc.gov/westnile/resourcepa
ges/mosqSurvSoft.html) 

2 2 2 1 3 2 12 

https://www.fao.org/
https://ebird.org/
https://euring.org/
https://www.bto.org/
https://www.bto.org/understanding-birds/articles/bird-tracking-%E2%80%94-masterclass
https://www.bto.org/understanding-birds/articles/bird-tracking-%E2%80%94-masterclass
https://www.bto.org/understanding-birds/articles/bird-tracking-%E2%80%94-masterclass
https://earth.google.com/
https://www.birdcount.org/
https://pecbms.info/
https://wpe.wetlands.org/
https://www.ebcc.info/
http://datazone.birdlife.org/info/citizenscience
http://datazone.birdlife.org/info/citizenscience
https://www.cdc.gov/westnile/resourcepages/mosqSurvSoft.html
https://www.cdc.gov/westnile/resourcepages/mosqSurvSoft.html
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Surveillance 
(https://www.ecdc.europa.eu/en/disease-
vectors/surveillance-and-disease-
data/mosquito-maps) 

2 2 2 1 3 2 12 

Citizen Science 
(http://www.mosquitoalert.com/en) 2 2 2 2 3 2 13 

Synchrony 
between infected 
birds and high 
mosquito 
abundance 

Bird numbers 
and 
range/vector 
abundance 

Surveillance 
(https://www.frontiersin.org/articles/10.33
89/fpubh.2017.00236/full) 

1 1 2 1 1 1 7 

Rate of 
transmission 

Scientific research 
(https://www.ncbi.nlm.nih.gov/pmc/article
s/PMC4520649) 

2 2 2 1 3 2 12 

Change in 
pathogen 
dynamics in the 
host/vector 

Evolutionary 
change in 
pathogen in 
vector 

Genetic sequencing data 
(https://parasitesandvectors.biomedcentr
al.com/articles/10.1186/s13071-014-
0542-2) 

2 1 2 1 2 3 11 

Genetic sequencing data 
(https://www.ncbi.nlm.nih.gov/genbank) 3 3 2 3 3 3 17 

https://www.ecdc.europa.eu/en/disease-vectors/surveillance-and-disease-data/mosquito-maps
https://www.ecdc.europa.eu/en/disease-vectors/surveillance-and-disease-data/mosquito-maps
https://www.ecdc.europa.eu/en/disease-vectors/surveillance-and-disease-data/mosquito-maps
http://www.mosquitoalert.com/en
https://www.frontiersin.org/articles/10.3389/fpubh.2017.00236/full
https://www.frontiersin.org/articles/10.3389/fpubh.2017.00236/full
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4520649
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4520649
https://parasitesandvectors.biomedcentral.com/articles/10.1186/s13071-014-0542-2
https://parasitesandvectors.biomedcentral.com/articles/10.1186/s13071-014-0542-2
https://parasitesandvectors.biomedcentral.com/articles/10.1186/s13071-014-0542-2
https://www.ncbi.nlm.nih.gov/genbank
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Evolutionary 
change in 
pathogen in 
birds 

Genetic sequencing data 
(https://parasitesandvectors.biomedcentr
al.com/articles/10.1186/s13071-020-
04399-2) 

3 2 2 1 2 3 13 

Human behaviour 

Use of 
repellents 

Scientific survey 
(https://www.ncbi.nlm.nih.gov/pmc/article
s/PMC6034598) 

2 2 2 1 1 1 9 

Length of time 
spent outdoors 

Scientific survey 
(https://onlinelibrary.wiley.com/doi/10.111
1/j.1365-2133.2010.10165.x) 

2 2 2 1 1 1 9 

Human 
protective 
measures 

Scientific survey 
(https://bmcpublichealth.biomedcentral.c
om/articles/10.1186/s12889-015-1918-8) 

2 2 2 1 1 1 9 

Total 38 30 51 30 38 42  

https://parasitesandvectors.biomedcentral.com/articles/10.1186/s13071-020-04399-2
https://parasitesandvectors.biomedcentral.com/articles/10.1186/s13071-020-04399-2
https://parasitesandvectors.biomedcentral.com/articles/10.1186/s13071-020-04399-2
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6034598
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6034598
https://onlinelibrary.wiley.com/doi/10.1111/j.1365-2133.2010.10165.x
https://onlinelibrary.wiley.com/doi/10.1111/j.1365-2133.2010.10165.x
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-015-1918-8
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-015-1918-8
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Figure 1 

Interaction of sub-drivers resulting in the release of West Nile virus 
(sub-drivers are not exhaustive) [40, 41, 42, 43, 44, 45, 46, 47, 48, 49, 
50, 51, 52, 53, 54, 55, 56, 57, 58, 59] 
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