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Abstract

When a novel pathogen emerges there may be opportunities to eliminate transmission - locally

or globally - whilst case numbers are low. However, the effort required to push a disease to
elimination may come at a vast cost at a time when uncertainty is high. Models currently inform
policy discussions on this question, but there are a number of open challenges, particularly given
unknown aspects of the pathogen biology, the effectiveness and feasibility of interventions, and the
intersecting political, economic, sociological and behavioural complexities for a novel pathogen.
In this overview, we detail how models might identify directions for better leveraging or expanding
the scope of data available on the pathogen trajectory, for bounding the theoretical context of
emergence relative to prospects for elimination, and for framing the larger economic, behavioural
and social context that will influence policy decisions and the pathogen’s outcome.
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1 Introduction

In the extremes, there are two possible fates for a novel pathogen: elimination, or
endemicity. The coronavirus that emerged in 2003, SARS-CoV, is an example of global
elimination, or “‘eradication’ (Klepac et al. 2013). Stringent international control and
containment efforts, aided by clear symptomatic presentation combined with extremely
limited asymptomatic transmission allowed the number of human infections with SARS-
CoV to be driven down to zero. The last known case was caused by spillover from a palm
civet in 2004 (Wang et al. 2005). At the other extreme, currently circulating influenza A
viruses derive from the strain that emerged during the 2009 influenza pandemic (Bedford et
al. 2015), and are endemic, or present for at least part of the year most years, all around the
globe. Such continuous presence, also termed endemicity, has been suggested as a possible
fate from the SARS-CoV-2 pandemic (Lavine et al., 2021), noting however, that countries
with strong, early public health responses have achieved local elimination.

There is room for considerable nuance between these two extremes: local elimination at one
spatial scale may vanish under aggregation across spatial scales, while endemicity expands
(Fig. 1), and control efforts may result in ‘endemicity’ that corresponds to extremely

low incidence levels. Maintaining complete freedom from an infectious agent when it is
circulating elsewhere is always challenging (illustrated by many pathogens (Durrheim et al.,
2014) including SARS-CoV-2 (Eichler et al., 2021)). Elimination is sometimes used to refer
to elimination of disease, or reduction of risk to tolerable levels, rather than elimination of
transmission of the pathogen. For example, the World Health Organization (WHO) has a
goal to eliminate human rabies mortality by 2030 (Abela-Ridder et al. 2016), rather than

a goal of interrupting transmission in the reservoir (even though this is more desirable).
Similarly, for some neglected diseases (e.g., leprosy, schistosomiasis, trachoma) WHO has
a goal of Elimination as a Public Health Problem (EPHP), corresponding to prevalence
and/or incidence falling below a threshold such that morbidity or mortality is considered
acceptable at the population level (Toor et al. 2020; Bodimeade et al., 2019). Finally,
pathogens whose characteristics have shifted as a result of evolution (e.g., via antigenic drift
as for influenza) might or might not be still classified alongside the original emergent strain,
leading to different conclusions with regard to endemicity. We focus on the application

of these concepts (endemicity, elimination of transmission, elimination as a public health
problem) in the context of the emergence of a novel pathogen, i.e., one that has not
previously circulated within human populations. We also discuss how the pursuit of these
different policy goals will depend both on their feasibility as well as the levels of risk (of
re-emergence) and mortality/ morbidity considered tolerable or acceptable, which are highly
debatable. Our analysis draws on experience with existing infections and impacts of control
efforts, including elimination, or reemergence following lapses in control efforts.
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Theoretically, the deterministic requirements for driving an infection to elimination are well
established: the reproduction number, R, or the number of new infections per infectious
individual, must be pushed to below 1 (Vegvari, 2011). If Ry is defined as the number

of secondary infections generated from an initial case at the beginning of an epidemic,

and thus in an entirely susceptible population, this elimination requirement translates into
susceptibles accounting for less than 1/Ry of the population, which could be the result of
immunization by natural infection, or by vaccination. An alternative useful measure is R, or
the reproduction number at time t since the start of the epidemic, which captures the number
of secondary infections generated in a population that contains both susceptible and immune
individuals, and where control measures such as non-pharmaceutical interventions may have
been implemented. R; therefore both changes in value over time and will always be less
than Rg, but if R; can be maintained below 1, again, deterministically, elimination may be
achieved (Vegvari, 2011). The absence of an effective vaccine, rapidly waning immunity,

or high birth rates eroding immunity in the population, or intense transmission that is hard
to diminish, can all make elimination impossible in these deterministic terms (Anderson

and May, 1992). Thus, these basic theoretical results provide useful guidance in terms

of whether elimination is an achievable policy goal. However, deterministic predictions
only provide a partial guide to outcomes in more realistic stochastic and heterogeneous
settings - elimination may occur earlier than anticipated by chance; or may be extremely
hard to achieve as a result of recurrent reintroductions and metapopulation rescue effects.
These important complexities all present open questions in considering the trajectory

and appropriate policy responses to novel emergent pathogens (Fig. 1), especially when

the range of uncertainties around the characteristics of a novel emergent pathogen are
considered.

Establishing the likely trajectory of an emerging pathogen towards the extremes of either
endemicity (which may technically include EPHP) or elimination is of fundamental interest,
but also has both short and longer term implications for public health. An emerging
pathogen that is associated with the risk of a pandemic is perhaps best met by a “vertical’
response - i.e., highly targeted, and ideally short-term efforts, across the medical and public
health sectors geared entirely towards control of that specific pathogen - which will need

to be maintained and potentially intensified if the goal is elimination (Klepac et al. 2013).
However, if the pathogen’s trajectory tends towards endemicity, pandemic responses will
require ‘horizontal’ integration, i.e., responses must be embedded within the wider health
system as part of routine services, rather than as standalone, focused efforts. This will have
consequences in terms of resource allocation, and investment in either broad or narrow
health system capacity.

Here, we outline challenges for modeling around pathogen emergence in the context of
distinguishing between endemicity/elimination in i) contributing to extracting the most
information from existing datastreams, or identifying critical areas for expanding data-
streams, ii) developing a larger theoretical foundation for characterizing emergent pathogen
fate, iii) estimating core epidemiological quantities that provide information about an
emergent pathogen’s likely trajectory (including both classic quantities such as R, but
also more elusive features such as connectivity), and iv) the larger context of economics,
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behaviour and policy that impact trajectories towards elimination or endemicity for emergent
pathogens.

2 Data challenges of future pandemics in the context of endemicity/
elimination

The nature of pathogen emergence means, at least initially, considerable unknowns and rapid
change, often under crisis conditions. The SARS-CoV-2 pandemic drove many advances in
systems for collection of data and improvement of data quality, but gaps clearly remain.
Here, we explore how models might contribute to filling these gaps in the context of future
pandemics.

2.1 Develop generic tools that allow rapid cleaning of data

Around the world, the infrastructure for surveillance proved one of the many aspects

of public health that struggled when confronted with the SARS-CoV-2 pandemic. With
data-entry reliant on either paper, or unrestricted digital fields, and often little opportunity
for training surveillance agents, the opportunity for spelling and other errors proved vast.
Rapid deployment of data-cleaning algorithms to resolve, for example the thousands of
district names reported in Madagascar into the 114 that actually exist, would have freed up
considerable human resources. Development of swiftly deployable probabilistic or fuzzy
matching tools (Bradley et al. 2010) across erratic platforms in diverse settings is an
important challenge ahead of improvements of surveillance infrastructure.

2.2 Develop models that characterize the limits of currently available surveillance data

With clean(er) data in hand, the next set of issues that models can contribute to is in
characterizing the limits of surveillance. How appropriate are current data-streams for
deriving the distance from elimination (perhaps simply in terms of numbers of cases above
zero cases)? Can current data-streams identify whether and where transmission is occurring,
with the latter being of particular relevance in establishing whether infection is endemic
(e.g., can the original contact of a case be identified), or results from re-introductions

(Parag et al., 2021), or novel spillover (Dudas et al. 2018; Kafetzopoulou et al. 2019)?

Is undetected transmission likely to be a barrier to elimination (Martinez-Bakker et al.,
2015)? Models may be useful in helping to identify or bound the presence of undetected
populations where transmission is ongoing (asymptomatics, hard-to-reach populations, etc),
and potential reservoir hosts, by integrating across the range of available data (cases, genetic
sequences, serology, etc, see Table 1), and identifying contradictions or discrepancies.

2.3 Develop novel metrics for elimination

Models might also contribute to extracting the most information possible from available data
by development of novel metrics for characterizing distance to elimination. Where cases are
hard to track (e.g., for acute infections where the window of opportunity for recording cases
is short) an alternative metric for proximity to elimination is the proportion of the population
that is susceptible (Metcalf et al. 2020a, 2020b). However, considering either case numbers
or proportion susceptible as the target metric neglects the importance of fluctuations over
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space and time, heterogeneity across populations, and the nuances of the biology of many
pathogens.

There is considerable scope for the development of pragmatic metrics that take into account
core elements of the biology (e.g., seasonal fluctuations in transmission (Churcher et al.
2014)) to strengthen evaluation of progress towards elimination, leveraging existing data-
streams (Table 1). For example, measles case numbers are reported to the WHO annually
by every country in the world. As measles vaccination coverage has increased, numbers of
cases have fallen, indicating progress towards elimination. However, this progress appears
erratic: sudden spikes in cases occur alongside deep troughs. The biology of measles
indicates that such ‘post-honeymoon outbreaks’ are expected (McLean and Anderson,
1988). Acknowledging this, the case data can be leveraged to define a canonical pathway
towards elimination, and map countries progress towards elimination in a more detailed way
- a decline in incidence occurs alongside initially increasing, and then declining variance,
further capturing the stochasticity in dynamics as elimination is approached (Graham et

al. 2019). Similar combined metrics building on expectations for dynamics built around
mathematical models might prove useful across a broader array of pathogen life histories.
Given the stochastic nature of epidemiological processes, there is likely to be particular
value in leveraging existing theory on critical transitions (Jansen, 2003), which lays down
expectations on the frequency distribution of outbreak sizes when R is below 1; and may be
expanded, e.g., to consider the spatial setting (Roy et al. 2014). An added challenge in the
context of emerging infections is that data is likely to be sparse and uncertain (many cases
may not be counted, case definitions may change (Tsang et al. 2020), etc) and metrics must
be designed that are robust to this, alongside realistic framing and careful delineation of the
challenges in determining when elimination can be declared (Parag et al. 2020).

2.4 Quantify the added value of extended sampling schemes and surveillance strategies

Resources available for surveillance are generally limited. Modeling could be deployed

to characterize the added value of, e.g., active sampling in the context of clearly defined
surveillance or public health goals, such as locating one case per 100,000 (Chen et al.
2001), targeted genetic sequencing (Holmes et al. 1995), serological surveillance (Mina

et al. 2020), etc. Considering the larger question of designing national (or international)
surveillance schemes, models could be used to plan the scale of systems adequate not just
for the present moment, but for the longer term. The density of sampling will need to keep
pace with expected changes in emergence or incidence associated with rapidly changing
global conditions, from mobility (Tatem et al. 2012) to climate change (Metcalf et al. 2017),
or the amount of contact tracing necessary to maintain elimination (Grantz et al. 2021).

2.5 Identify common surveillance needs associated with pathogen characteristics

Effective surveillance for elimination (or to detect cryptic endemicity) will be shaped by
the biology of the focal pathogen - for some pathogens, screening for zero cases may

not be adequate (Martinez-Bakker et al., 2015), for others interpretation of seronegativity
will be complicated by features such as cross-reactivity (Lembo et al. 2013; Rimoin et
al. 2010; Lanciotti et al. 2008), for many the impact of contact tracing will be shaped

by everything from asymptomatic rates to the distribution of serial intervals (Fraser et
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al. 2004). Nevertheless, within this diversity, there may be classes of characteristics that
emerge as being associated with particularly effective designs for surveillance. Modeling
broad pathogen characteristics could illuminate these commonalities. This might, in turn,

be valuable in considering how sampling schemes could be optimized across multiple
pathogens, potentially of particular relevance as multiplex approaches to sampling (either for
pathogens (Finkbeiner et al. 2008) or immune signatures (Mina et al. 2020)) become more
tractable.

2.6 Identify surveillance needs associated with metapopulation structure and temporal

changes

Elimination at one scale may turn to endemicity at another (Fig. 1). Models to delineate
the data required to establish whether and what forms of connectivity and metapopulation
structure can allow persistence at larger spatial scales despite widespread local elimination
is another important and still open question. Genomic sequence data could provide clues
to pathogen sources via their relatedness (Worobey et al. 2020), travel/mobility data could
establish likely links allowing persistence (Wesolowski et al. 2018), etc (Table 1). Finally,
parameters that shape the likelihood of pathogen persistence can often vary, either spatially
(e.g., via differences in environmental suitability (Messina et al. 2016)) or temporally (e.g.,
generation time may be changing in the context of control efforts (Ali et al. 2020)), and
these local differences will intersect with the metapopulation context to shape the potential
for persistence. Identifying surveillance designs that adequately reflect this variation is
another possible and open challenge for modeling endemicity and elimination.

3 Challenges in developing the theoretical framework for understanding

the likely trajectories of pathogens towards endemicity or elimination

Models have played a central role in establishing the conditions that lead to endemicity or
enable elimination (described in the Introduction), but adding realism to this raises a set of
challenges.

3.1 Develop theory relating to metapopulation context

For many pathogens, at some spatial scale, metapopulation dynamics are likely to play an
important role in permitting the transition to endemicity in the face of local extinctions, or
facilitating extinction (Fig. 1). Building on core theoretical results (Keeling, 2000; Fox et
al. 2017) to reflect synoptic yet realistic features of known systems, such as the structure
of connectivity across the hubs of a metapopulation (Mahmud et al. 2021), alongside

the pattern of sizes of the connected hubs (from villages to cities, with smaller sizes
running a higher risk of extinction by chance (Bjgrnstad and Grenfell, 2007)), or the
characteristics of travel (Giles et al. 2020) is one important challenge. The importance

of these components will be modulated as a function of features of pathogen life history,
such as duration of infection (with e.g., little connectivity necessary to guarantee persistence
of chronic infections), or potential for recrudescence for apparently recovered individuals
(Mbala-Kingebeni et al. 2021), or spill-over from hidden (or known) non-human hosts
(Dudas et al. 2018); all of which will reduce the likelihood of local extinction, in ways
that could be formally established. Finally, while metapopulation models usually quantify
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connections between inhabited communities such as villages or cities, increasingly resolved
data suggests that heterogeneity within such communities is also likely to be of importance
(Dalziel et al., 2013). The difficulties in obtaining sufficiently resolved connectivity data for
such settings indicates that another challenge may be in developing phenomenological or
semi-mechanistic framings that adequately capture this connectivity.

3.2 Develop theory relating to unknown biological features towards endemicity

One important aspect in establishing the trajectory of an emerging pathogen is establishing
the probability and characteristics of secondary infection - whether they be rare, associated
with little clinical disease, etc. If a vaccine is available, information about the risks and
characteristics of infection following vaccination is of similar importance. Since establishing
the answers to these questions necessarily takes time (Accorsi et al. 2021) (until sufficient
numbers have run the risk of being secondarily infected, little can be said) and is often
logistically challenging, one important contribution that theoretical models may provide is a
way to explore the potential range of scenarios (Saad-Roy et al. 2020; Lavine et al., 2021)
before data is available. More broadly, the longer term consequences of any features of the
biology of the pathogen that are hard to pin down during the early phases of the outbreak
can be explored using such sensitivity analyses.

A particularly important broad set of unknowns that the SARS-CoV-2 outbreaks has
revealed is how the landscape of immunity (or how immune protection is distributed across
individuals in the population, where every individual may have either full, partial or no
protection) has the prospect to shape immune escape, and, particularly, vaccine escape;
alongside selection for increased transmission (Saad-Roy et al. 2021). The development of
models that remain tractable, while also formally capturing pathogen phylodynamics within
a metapopulation and in the context of shifting selection pressures on immune escape as a
function of both vaccination and infection (and potentially even spillback from secondary
hosts (Larsen et al. 2021)) is a critical challenge for future work (see also the Chapter on
Emergence).

3.3 Develop theory relating to feasibility and desirability of elimination

The mortality and morbidity burden of an emergent pathogen, and how these manifest
across demographics and environments are likely to determine the degree to which resources
are mobilized for elimination. Pathogens with high case fatality rates are likely to be
nationally prioritized for elimination in countries that have sufficient resources, because the
consequences of endemic circulation will be deemed unacceptable (how this plays out in the
global health funding landscape is regrettably less straightforward). Conversely, pathogens
that cause only mild disease are less likely to be prioritized, and as a consequence may
become endemic. Other pathogen characteristics (e.g., the proportion of transmission that
occurs amongst asymptomatic persons, the degree to which transmission can be limited by
tractable and acceptable interventions), will shape how tractable and desirable elimination is.

Models can play an important role in characterizing these aspects shaping tractability
of local elimination by formally framing the logistics of control (time scale for vaccine
development, logistics of roll out, lags in deployment (Townsend et al. 2013) and the
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underlying biology (duration of immunity, nature of immunity and landscape of selection in
the context of immune escape), as well as the extent to which elimination can be maintained
(Prada et al. 2017). The latter is important because, even if evidence suggests that the speed
required in the response to prevent the establishment of local endemicity is, in fact, tractable,
this may not be the most effective public health strategy if elimination is likely to be very
easily lost, a question which instantly raises the question of the international context. The
development of models that establish tractability and potential for maintenance of local
elimination can importantly contribute to discussion around the degree to which elimination
(of cases, or infections) is an appropriate goal. But, a vital issue here is in framing

models that accurately reflect the inevitably vast range of uncertainties yet contribute to

the discussion.

4 Challenges in estimating core quantities around endemicity / elimination

Models are clearly crucial in estimating core quantities around pathogen emergence

and pandemic response (Metcalf et al., 2020). Many features of estimation relevant to
endemicity and elimination are covered elsewhere in this special issue (e.g., on modeling
interventions, Kretzschmar et al (2021); on issues around estimation, Swallow et al (2021)).
Here, we focus on two features most relevant to endemicity vs. elimination, estimation of
parameters relating to emergence and/or elimination, and estimation of parameters during
the rapidly shifting phases at the start of an outbreak and in terms of a transition towards
endemicity.

4.1 Develop approaches to estimate core parameters for elimination and resurgence

In a situation where a novel pathogen has been detected, but its range and potential for
spread remain unclear, obtaining rapid yet robust estimates of parameters that will govern
rates of local emergence is a critical question (e.g., Rg, the degree of superspreading, etc.).
Minimalist modeling approaches that leverage the most basic of data (e. g., screens for zero
cases, or zero infections, deaths (Jombart et al. 2020)) are likely to be important components
of an effort in this phase. Extending existing minimalist approaches (for example using
hazard-based framing to establish risks of introduction (Bjgrnstad and Grenfell, 2007)

or branching process analyses to evaluate rates of local spread or probabilities of

local elimination (Blumberg et al., 2014) might provide a fruitful direction, alongside
extensions that encompass uncertainty in reporting, time-lines likely required for detection
of introduction or resurgence (Parag et al., 2021), etc. Relatedly, where theoretical work
might establish, for example, patterns of connectivity that make elimination hard to achieve,
there will often still be a question of estimating patterns of movement (especially of infected
individuals) or recrudescence, or spill-over from reservoir hosts, as these will define the risks
of loss of elimination. Efforts to integrate diverse data sources (cases, genetics, mobility, etc)
may be a key part of these efforts (Table 1).

4.2 Develop approaches to estimate parameters relating to rapidly shifting ground

In the early phases of emergence of a novel pathogen, many things may alter from
behaviour, to the public health response, to the distribution of immunity within the
population. These changes may be crucial to establishing whether elimination is a possible
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outcome, but by their nature, estimation may be very complex, since many processes with
similar effects will be occurring simultaneously. ldentifying ways to leverage existing and
diverse data-streams, perhaps across a range of different spatial and temporal frames could
be an important future challenge and direction here. For example, reporting rates are very
likely to change rapidly during the early phases of emergence of a novel pathogen. Models
that integrate epidemiological data with time-varying patterns of testing may provide a
way of quantifying this (Subramanian et al., 2021). The converse difficulty of estimating
consequences of interventions not yet implemented, especially those with heterogeneous
accessibility/uptake across populations is another important challenge, and one that links
to the issue of development of models to estimate changing costs of the disease, alongside
changing costs of interventions programs along a spectrum from emergent to endemic or
elimination (e. g., estimating costs of the ‘last mile’ (Klepac et al. 2013)).

5 Challenges in addressing politics, economics, and behaviour around

endemicity / elimination

The intersection between politics, economics, behaviours and modeling over the course of
the 2020 SARS-CoV-2 outbreak threw up some particularly redoubtable challenges that
relate closely to the chapters on economics (Dangerfield et al., 2021) and policy (Hadley
et al., 2021) in this Special Issue. An important contribution that modeling might make is
to inform decision makers as to the costs and burden of endemicity versus the costs and
tractability of achieving elimination, especially in the context of necessary and achievable
behaviour change.

5.1 Develop modeling approaches that include Epidemiology and Economics

Obtaining accurate estimates of the economic costs of policy decisions and disease impacts
is not necessarily straightforward (Metcalf et al., 2020). However, if such costs can be
reasonably bounded, models should be able to quantify the outcomes of counterfactual
scenarios of elimination versus endemicity (Sandmann et al., 2021). Cost-effectiveness of
interventions is typically an important and often challenging component of these framings
- for an emerging pandemic the costs of endemic circulation may be outweighed by the
detrimental cost of interventions (e.g. school closures (Levinson et al., 2020)) or their
disruption to other health services and consequent burden (e.g. other vaccine-preventable
diseases (Gaythorpe et al., 2021) or mass drug administration (Hollingsworth et al. 2021)).
However, although trade-offs between health and economics were often invoked in the
context of policy responses to SARS-CoV-2, robustly characterizing these trade-offs has
been elusive, and is likely to be context specific. In some settings, political interests and
lobbying colored the discussion, arguably tilting policies in the direction of false economies
(Dorn et al., 2021).

The challenge of estimating the costs of both the direct and indirect impacts of the disease
and interventions in the shifting context of invasion by a novel pathogen compound the
challenge of developing models capable of identifying when investing resources towards
achieving elimination is ‘economic’ (Klepac et al., 2011), particularly, as this must include
the costs of managing elimination (endpoints may be a moving target, reintroduction is
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always a risk, etc). There is likely to be particular value in models that discriminate
between scenarios where elimination vs. repetitive near-elimination might be most cost
effective. Over the longer-term the recurring future benefits of elimination almost always
look attractive (Barrett, 2004), but the practical realities of elimination programmes and
their projected time horizons can prolong to the point of fatigue. Meanwhile the burden of
disease can be minimized through new medicines and tools, potentially making the impacts
of infection negligible. Models can plausibly include sensitivity analyses around changes in
the mortality rate, alongside the range of considered likely costs and benefits, but the ranges
may be hard to bound. Meanwhile, decisions are needed in the near-term, in large part to
coordinate global resources and mobilize collective action to enable a controlled trajectory
either towards elimination or endemicity, but through choice rather than circumstance.
Models have a role to play in laying the landscape to guide these decisions, but, as ever, a
critical challenge is managing communication around the range of uncertainties.

Assuming that the challenge of quantifying costs can be addressed, including such costs
into dynamical models is also a clear direction of future research with potential to yield
insights into applied questions. For example, inclusion of individual-level decision making
around costs of both infection and distancing within dynamical models of infectious
diseases can alter incidence trajectories and optimal public health strategies associated

with vaccination (Jentsch et al., 2021). It is important that, within this effort, the details

of the biology are carefully considered - for example, secondary infections and waning

in SARS-CoV-2 can starkly alter optimization/cost minimization relative to ignoring these
processes depending on time-lines considered. Granularity in the scale of transmission

and the role of stochasticity must also be considered, and where important, encompassed.
Modeling countries as well-mixed entities is clearly misleading; and, as rare events can have
vast consequences, and extremely disparate futures may be equally likely, stochasticity must
be carefully framed.

5.2 Develop modeling approaches that include Epidemiology and Behaviour

In the early phases of emergence, before availability of a vaccine, successful elimination for
a directly transmitted infection like SARS-CoV-2 hinges on alterations in human behaviour.
This, in turn, requires policies or recommendations that guide acceptable behaviour change.
Acceptability is driven by both individual decision-making but also flows of information.
Internal feedback may shape group behaviour (self-reinforcing social norms (Van Bavel

et al. 2020), etc), and feedback may also shape the relationship between individual
behaviour and incidence (Weitz et al. 2020), potentially with delays (Arthur et al. 2021).
Such processes will shape the dynamics of infectious disease incidence, suggesting that
developing quantitative and model-grounded and data-informed (Salathé and Khandelwal,
2011) treatments of these flows might considerably enhance our ability to understand and
project pandemic-relevant behavioural changes.

An unexpected challenge that emerged during the 2020 pandemic was intense politicization
of epidemic outcomes: “Zero Covid” vs. “herd immunity” and “economic sacrifice”
narratives, all of which altered the general population behaviours and norms (and thus
strategic public health implementation). Feedback loops in behaviour open the prospect of
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unstable mixed equilibria - for example, if collaboration promotes further collaboration the
prospects for elimination are improved; conversely powerful narratives against elimination
promote “cheating” behaviour and anti-elimination policies which further discourage and
impede elimination strategies. This complex mix of dynamics rooted in the psychological,
social and larger political context requires deeper collaboration between modelers and social
scientists, as well as around expertize in public health communication (Van Bavel et al.
2020), and this is an important remaining challenge.

5.3 Develop modeling approaches that can identify tractable policies nationally

Some of the most important challenges for informing political decisions around targeting
elimination occur upstream of model development. It is essential to identify what can be
controlled (politically and economically) and what is beyond control (and thus irrelevant
for modeling as an intervention strategy); what spatial scales are relevant, and who the

key actors are; what will be acceptable targets for interventions (e.g., closure of borders?
physical distancing?) and what will not. Introspection as to how prepared countries actually
are in response to a public health crisis, and imagination relative to policies that can be
successfully implemented, which could be informed by looking to successful countries for
example (Patel and Sridhar, 2020) will greatly enhance the utility of models constructed.
Models evaluating the potential of flexible policies that can adapt as new information arrives
(including evidence on the effect of current policies) might be a useful direction. Alongside
this, acceptable levels of uncertainty in informing decisions, policy and practice must be
defined (noting that levels of uncertainty may themselves be uncertain); as well as effective
tools for communicating both decisions and uncertainty with the public and understanding
how this will translate into acceptability.

5.4 Addressing transboundary issues and the global context

Whether elimination can be achieved at the country level, regionally or globally, depends
upon coordination of interventions across political boundaries. Given vast inequities in
resource availability, the willingness of rich countries to support control efforts in poorer
countries is likely to be key, and there are many configurations where this will be to

mutual advantage, given the ever present risk of pathogen introduction (Klepac et al.
2016). In a globalized world, metapopulation dynamics might be leveraged to rapidly and
economically achieve elimination goals (Ruktanonchai et al. 2020). Models have a role to
play in persuading policymakers that looking beyond their national boundaries in solidarity
is actually in their self interest.

6 Discussion

In recent years, there has been considerable debate around the desirability of elimination
targets for high burden endemic infections such as malaria (Feachem et al. 2019; WHO
Strategic Advisory Group on Malaria Eradication, 2020). The debate emerges from the
intersection of uncertainties around logistics, burden, and the complications of perverse
incentives (Lockwood et al., 2014). Emerging pathogens manifest many of these challenges,
with the added challenge of uncertainties around pathogen biology itself, as well as
uncertainties around control options. As knowledge grows in the early phases of pathogen
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emergence, many core insights from mathematical modeling of pathogen control can be
brought to bear (e.g., lower RO, or overlap between symptoms and transmission will
facilitate control and potentially elimination (Fraser et al. 2004)) but vast uncertainties
inevitably remain. Bounding the theoretical context of emergence relative to the prospects
for elimination is likely to require moving beyond simple models, but identifying the most
profitable direction for model refinement remains an active area of research.

The most tractable window for elimination is in the early stages of emergence, before a
pathogen establishes transmission across large parts of the globe. Indeed countries that acted
early with policies aiming for SARS-CoV-2 elimination reaped the benefits (Oliu-Barton

et al. 2021). Following the first epidemic waves however, elimination becomes a much
greater technical, and perhaps more critically, political, challenge. Many pathogens today
circulate endemically in the more impoverished parts of the world, and in many settings,
despite the technical feasibility of elimination goals, decision makers with the power to
deploy resources to these ends have yet to make commitments (Lembo et al. 2010).

Such failures are also starkly illustrated by the pattern of commitments and investments
around SARS-CoV-2 control. Although the speed with which a vaccine was developed and
deployed was a remarkable product of global collaboration, equitable delivery to mitigate
pandemic impacts (not necessarily aiming for elimination) is a much more complex societal
challenge. If the opportunity for elimination is not taken early, steering the subsequent
trajectory away from endemicity becomes increasingly hard, even if it remains the desired
outcome. Whether modeling can be sufficiently fast, accurate and persuasive/believable (at
least to policymakers and political leaders) to guide appropriate action in the event of future
emerging pathogens is an open question (Sridhar and Majumder, 2020).

Acknowledgments

CJEM would like to thank the Princeton Centre for Health and Wellbeing. KH was funded by Wellcome
[207569/2/17/Z]. EEG is funded by a Sir Henry Wellcome Postdoctoral Fellowship [220463/2/20/Z]. TDH
acknowledges funding from the UKRI JUNIPER consortium. A.W. is supported by the US National Institutes

of Health through the National Library of Medicine (DP2LM013102) and the National Institute of Allergy and
Infectious Diseases (LR01A1160780-01) and a Career Award at the Scientific Interface from the Burroughs
Wellcome Fund. The authors would like to thank the Isaac Newton Institute for Mathematical Sciences, Cambridge,
for support during the programme Infectious Dynamics of Pandemics where work on this paper was undertaken.
This work was supported by EPSRC grant no EP/R014604/1.

References

Abbas, Mohamed; Tomas, RobaloNunes; Cori, Anne; Cordey, Samuel; Laubscher, Florian; Baggio,
Stephanie; Thibaut, Jombart; , et al. Explosive Nosocomial Outbreak of SARS-CoV-2 in a
Rehabilitation Clinic: The Limits of Genomics for Outbreak Reconstruction. SSRN Electron J.
2021; doi: 10.2139/ssrn.3800084

Abela-Ridder, Bernadette; Lea, Knopf; Stephen, Martin; Louise, Taylor; Gregorio, Torres; Katinka
De, Balogh. The Beginning of the End of Rabies? Lancet Glob Health. 2016; 4 (11) e780-e781.
[PubMed: 27692777]

Accorsi, Emma K; Qiu, Xueting; Rumpler, Eva; Kennedy-Shaffer, Lee; Kahn, Rebecca; Joshi, Keya;
Goldstein, Edward; , et al. How to detect and reduce potential sources of biases in studies of
SARS-CoV-2 and COVID-19. Eur J Epidemiol. 2021; doi: 10.1007/s10654-021-00727-7

Ali, Sheikh; Taslim, Lin; Wang, Eric HY; Lau, Xiao-Ke; Xu, Zhanwei; Du, Ye; Wu, Gabriel
M; Leung, Benjamin; Cowling, J. Serial interval of SARS-CoV-2 was shortened over time by
nonpharmaceutical interventions. Science. 2020; 369 (6507) 1106-1109. [PubMed: 32694200]

Epidemics. Author manuscript; available in PMC 2022 March 21.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Metcalf et al.

Page 13

Anderson, Roy M, May, Robert M. Infectious Diseases of Humans: Dynamics and Control. Oxford
University Press; 1992.

Arthur, Ronan F; James, H Jones; Bonds, Matthew H; Ram, Yoav; Feldman, Marcus W. Adaptive
social contact rates induce complex dynamics during epidemics. PLoS Comput Biol. 2021; 17 (2)
€1008639 [PubMed: 33566839]

Barrett, Scott. Eradication versus control: the economics of global infectious disease policies Bull. Vol.
82. World Health Organ; 2004. 683-688.

Van Bavel, JayJ; Baicker, Katherine; Boggio, Paulo S; Capraro, Valerio; Cichocka, Aleksandra;
Cikara, Mina; Crockett, Molly J; , et al. Using social and behavioural science to support COVID-19
pandemic response. Nat Hum Behav. 2020; 4 (5) 460-471. [PubMed: 32355299]

Bedford, Trevor; Riley, Steven; Barr, 1anG; Broor, Shobha; Chadha, Mandeep; Cox, Nancy J; Daniels,
Rodney S; , et al. Global circulation patterns of seasonal influenza viruses vary with antigenic drift.
Nature. 2015; 523 (7559) 217-220. [PubMed: 26053121]
Bjarnstad, Ottar N; Grenfell, Bryan T. Hazards, spatial transmission and timing of outbreaks in
epidemic metapopulations. Environ Ecol Stat. 2007; 15 (3) 265-277.

Blumberg, Seth; Funk, Sebastian; Pulliam, Juliet RC. Detecting differential transmissibilities that
affect the size of self-limited outbreaks. PLoS Pathog. 2014; 10 (10) e1004452 [PubMed:
25356657]

Bodimeade, Christopher; Marks, Michael; Mabey, David. Neglected tropical diseases: elimination and
eradication. Clin Med. 2019; 19 (2) 157-160.

Bradley, Cathy J; Penberthy, Lynne; Devers, Kelly J; Holden, Debra J. Health services research and
data linkages: issues, methods, and directions for the future. Health Serv Res. 2010; 45 (5 Pt 2)
1468-1488. [PubMed: 21054367]

Chen, XS, Li, WZ, Jiang, C, Ye, GY. Leprosy in China: epidemiological trends between 1949 and
1998 Bull. Vol. 79. World Health Organ; 2001. 306-312.

Churcher, Thomass; Justin, MCohen; Novotny, Joseph; Ntshalintshali, Nyasatu; Kunene, Simon;
Cauchemez, Simon. Public Health. Measuring the path toward malaria elimination. Science. 2014;
344 (6189) 1230-1232. [PubMed: 24926005]

Dudas, Gytis; Carvalho, Luiz Max; Rambaut, Andrew; Bedford, Trevor. MERS-CoV Spillover at the
Camel-Human Interface. eLife. 2018; January. 7 doi: 10.7554/eLife.31257

Dalziel BD, Babak Pour bohloul, Ellner Stephen P. Human mobility patterns predict divergent
epidemic dynamics among cities. Proceedings of the Royal Society Series B 280. 2013; doi:
10.1098/rspb.2013.0763

Dorn, Florian; Sahamoddin, Khailaie; Stoeckli, Marc; SebastianBinder, C; Lange, Berit; Lautenbacher.
Stefan; Peichl, Andreas; , et al.

Durrheim, David N; Crowcroft, Natasha S; Strebel, Peter M. Measles — the epidemiology of
elimination. Vaccine. 2014; doi: 10.1016/j.vaccine.2014.10.061

Eichler, Nick; Thornley, Craig; Swadi, Tara; Devine, Tom; McElnay, Caroline; Sherwood, Jillian;
Brunton, Cheryl; , et al. Transmission of Severe Acute Respiratory Syndrome Coronavirus 2
during Border Quarantine and Air Travel, New Zealand (Aotearoa) - Volume 27, Number 5—May
2021 - Emerg. Infect Dis J - CDC. 2021; Accessed April 28, 2021 doi: 10.3201/eid2705.210514

Feachem, RichardGA; Chen, Ingrid; Akbari, Omar; Bertozzi-Villa, Amelia; Bhatt, Samir; Binka,
Fred; Boni, Maciej F; , et al. Malaria eradication within a generation: ambitious, achievable, and
necessary. Lancet. 2019; 394 (10203) 1056-1112. [PubMed: 31511196]

Finkbeiner, Stacy R; Allred, Adam F; Tarr, Phillip I; Klein, Eileen J; Kirkwood, Carl D; Wang, David.
Metagenomic analysis of human diarrhea: viral detection and discovery. PLoS Pathog. 2008; 4 (2)
€1000011 [PubMed: 18398449]

Fox, Jeremy W; Vasseur, David; Cotroneo, Morgan; Guan, Lilian; Simon, Franz. Population
extinctions can increase metapopulation persistence. Nat Ecol Evol. 2017; 1 (9) 1271-1278.
[PubMed: 29046551]

Fraser, Christophe; Riley, Steven; Anderson, Roy M; Ferguson, Neil M. Factors that make an

infectious disease outbreak controllable. Proc Natl Acad Sci USA. 2004; 101 (16) 6146-6151.
[PubMed: 15071187]

1

Epidemics. Author manuscript; available in PMC 2022 March 21.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Metcalf et al.

Page 14

Gaythorpe, Katy; Abbas, Kaja; Huber, John; Karachaliou, Andromachi; Thakkar, Niket; Woodruff,
Kim; Li, Xiang; , et al. Impact of COVID-19-Related Disruptions to Measles, Meningococcal A,
and Yellow Fever Vaccination in 10 Countries. 2021; doi: 10.1101/2021.01.25.21250489

Giles, John R; Erbach-Schoenberg, Elisabeth Zu; Tatem, Andrew J; Gardner, Lauren; Bjarnstad, Ottar
N; Metcalf, CJE; Wesolowski, Amy. The duration of travel impacts the spatial dynamics of
infectious diseases. Proc Natl Acad Sci USA. 2020; 117 (36) 22572-22579. [PubMed: 32839329]

Graham, Matthew; Winter, Amy K; Ferrari, Matthew; Grenfell, Bryan; Moss, William J; Azman,
Andrew S; Jessica, C; Metcalf, E; Lessler, Justin. Measles and the canonical path to elimination.
Science. 2019; 364 (6440) 584-587. [PubMed: 31073065]

Grantz, KyraH; Lee, Elizabeth C; McGowan, D’ Agostino; Lucy, Lee; Han, Kyu; Jessica, C; Metcalf,
E; Gurley, Emily S; Lessler, Justin. Maximizing and evaluating the impact of test-trace-isolate
programs: a modeling study. PLoS Med. 2021; 18 (4) e1003585 [PubMed: 33930019]

Hollingsworth, TDéirdre; Mwinzi, Pauline; Vasconcelos, Andreia; de Vlas, SakeJ. Evaluating the
potential impact of interruptions to neglected tropical disease programmes due to COVID-19.
Trans R Soc Trop Med Hyg. 2021; 115 (3) 201-204. [PubMed: 33693894]

Holmes EC, Nee S, Rambaut A, Garnett GP, Harvey PH. Revealing the history of infectious disease
epidemics through phylogenetic trees. Philos Trans R Soc Lond Ser B Biol Sci. 1995; 349 (1327)
33-40. [PubMed: 8748017]

Jansen VAA. Measles outbreaks in a population with declining vaccine uptake. Science. 2003; doi:
10.1126/science.1086726

Jentsch, Peter C; Anand, Madhur; Bauch, Chris T. Prioritising COVID-19 vaccination in changing
social and epidemiological landscapes: a mathematical modelling study. Lancet Infect Dis. 2021;
21 (8) 1097-1106. [PubMed: 33811817]

Jombart, Thibaut; van Zandvoort, Kevin; Russell, Timothy W; Jarvis, Christopher I; Gimma, Amy;
Abbott, Sam; Clifford, Sam; , et al. Inferring the number of COVID-19 cases from recently
reported deaths. Wellcome Open Res. 2020; 5 April. 78. [PubMed: 32518842]

Kafetzopoulou LE, Pullan ST, Lemey P, Suchard MA, Ehichioya DU, Pahlmann M, Thielebein A, et
al. Metagenomic sequencing at the epicenter of the Nigeria 2018 Lassa fever outbreak. Science.
2019; 363 (6422) 74-77. [PubMed: 30606844]

Keeling, Matt J. Metapopulation moments: coupling, stochasticity and persistence. J Anim Ecol. 2000;
69 (5) 725-736. [PubMed: 29314000]

Klepac, Petra; Jessica, C; Metcalf, E; McLean, Angela R; Hampson, Katie. Towards the endgame and
beyond: complexities and challenges for the elimination of infectious diseases. Philos Trans R Soc
Lond Ser B Biol Sci. 2013; 368 (1623) 20120137 [PubMed: 23798686]

Klepac, Petra; Laxminarayan, Ramanan; Grenfell, Bryan T. Synthesizing epidemiological and
economic optima for control of immunizing infections. Proc Natl Acad Sci USA. 2011; 108 (34)
14366-14370. [PubMed: 21825129]

Klepac, Petra; Megiddo, Itamar; Grenfell, Bryan T; Laxminarayan, Ramanan. Self-enforcing regional
vaccination agreements. J R Soc Interf / R Soc. 2016; 13 (114) 20150907

Lanciotti, Robert S; Kosoy, Olga L; Laven, Janeen J; Velez, Jason O; Lambert, Amy J; Johnson,
Alison J; Stanfield, Stephanie M; Duffy, Mark R. Genetic and serologic properties of zika virus
associated with an epidemic, Yap State, Micronesia, 2007. Emerg Infect Dis. 2008; 14 (8) 1232—
1239. [PubMed: 18680646]

Larsen, Helle Daugaard; Fonager, Jannik; Lomholt, Frederikke Kristensen; Dalby, Tine; Benedetti,
Guido; Kristensen, Brian; Urth, Tinna Ravnholt; , et al. Preliminary report of an outbreak of
SARS-CoV-2 in mink and mink farmers associated with community spread, Denmark, June to
November 2020. Euro Surv Bull Eur Sur Les Mal Transm — Eur Commun Dis Bull. 2021; 26 (5)
doi: 10.2807/1560-7917.ES.2021.26.5.210009

Lavine, Jennie S; Bjornstad, Ottar N; Antia, Rustom. Immunological characteristics govern the
transition of COVID-19 to endemicity. Science. 2021; doi: 10.1126/science.abe6522

Lembo, Tiziana; Hampson, Katie; Kaare, Magai T; Ernest, Eblate; Knobel, Darryn; Kazwala,
Rudovick R; Haydon, Daniel T; Cleaveland, Sarah. The feasibility of canine rabies elimination
in Africa: dispelling doubts with data. PLoS Negl Trop Dise. 2010; 4 (2) €626

Epidemics. Author manuscript; available in PMC 2022 March 21.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Metcalf et al.

Page 15

Lembo, Tiziana; Oura, Christopher; Parida, Satya; Hoare, Richard; Frost, Lorraine; Fyumagwa,
Robert; Kivaria, Fredrick; , et al. Peste Des Petits ruminants infection among cattle and wildlife in
Northern Tanzania. Emerging Infectious Diseases. 2013; 19 (12) 2037-2040. [PubMed: 24274684]

Levinson, Meira; Cevik, Muge; Lipsitch, Marc. Reopening primary schools during the pandemic. N
Engl J Med. 2020; doi: 10.1056/nejmms2024920

Lockwood, Diana NJ; Shetty, Vanaja; Penna, Gerson Oliveira. Hazards of setting targets to eliminate
disease: lessons from the leprosy elimination campaign. Br Med J. 2014; February. 348 g1136
[PubMed: 24508610]

Mahmud, Ayesha S; Kabir, Igbal; , MdEngg-Monsen, Kenth; Tahmina, Sania; Riaz, Khoorshid,;
Baizid, Hossain; , MdAkram, Khanom; Fahmida, et al. Megacities as drivers of national outbreaks:
the 2017 chikungunya outbreak in Dhaka, Bangladesh. PLoS Negl Trop Dis. 2021; 15 (2)
€0009106 [PubMed: 33529229]

Martinez-Bakker, Micaela; King, Aaron A; Rohani, Pejman. Unraveling the transmission ecology of
polio. PLoS Biol. 2015; 13 (6) 1002172 [PubMed: 26090784]

Mbala-Kingebeni, Placide; Pratt, Catherine; Mutafali-Ruffin, Mbusa; Pauthner, MatthiasG; Bile,
Faustin; Nkuba-Ndaye, Antoine; Black, Allison; , et al. Ebola virus transmission initiated by
relapse of systemic ebola virus disease. N Engl J Med. 2021; 384 (13) 1240-1247. [PubMed:
33789012]

McLean AR, Anderson RM. Measles in developing countries. Part 1l. The predicted impact of mass
vaccination. Epidemiol Infect. 1988; 100 (3) 419-442. [PubMed: 3378585]

Messina, Jane P; Kraemer, Moritz Ug; Brady, Oliver J; Pigott, David M; Shearer, Freya M; Weiss,
Daniel J; Golding, Nick; , et al. Mapping Global Environmental Suitability for Zika Virus. eL.ife.
2016; April. 5 doi: 10.7554/eL.ife.15272

Metcalf C, Jessica E, Morris Dylan H, Park Sang Woo. Mathematical models to guide pandemic
response. Science. 2020a; 369 (6502) 368-369. [PubMed: 32703861]

Metcalf C, Jessica E, Viboud Cecile, Spiro David J, Grenfell Bryan T. Using serology with models
to clarify the trajectory of the SARS-CoV-2 emerging outbreak. Trends Immunol. 2020b; 41 (10)
849-851. [PubMed: 32680648]

Metcalf C, Jessica E, Walter Katharine S, Wesolowski Amy, Buckee Caroline O, Shevliakova Elena,
Tatem Andrew J, Boos William R, Weinberger Daniel M, Pitzer Virginia E. ldentifying climate
drivers of infectious disease dynamics: recent advances and challenges ahead. Proc Biol Sci/ R
Soc. 2017; 284 (1860) doi: 10.1098/rspb.2017.0901

Mina, Michael J; Metcalf, C; Jessica, E; McDermott, Adrian B; Douek, Daniel C; Farrar, Jeremy;
Grenfell, Bryan T. A global Immunological observatory to meet a time of pandemics. eLife. 2020;
June. 9 doi: 10.7554/eL.ife.58989

Oliu-Barton, Miquel; Pradelski, Bary SR; Aghion, Philippe; Artus, Patrick; Kickbusch, llona; Lazarus,
Jeffrey V; Sridhar, Devi; Vanderslott, Samantha. SARS-CoV-2 elimination, not mitigation,
creates best outcomes for health, the economy, and civil liberties. Lancet. 2021; doi: 10.1016/
s0140-6736(21)00978-8

Parag, Kris V; Benjamin, J Cowling; Donnelly, Christl A. Deciphering Early-Warning Signals of the
Elimination and Resurgence Potential of SARS-CoV-2 from Limited Data at Multiple Scales.
medRxiv. 2021. January. 2020.11.23.20236968

Parag, Kris V; Donnelly, Christl A; Jha, Rahul; Thompson, Robin N. An exact method for quantifying
the reliability of end-of-epidemic declarations in real time. PLoS Comput Biol. 2020.

Patel, Jay; Sridhar, Devi. We should learn from the Asia—Pacific responses to COVID-19. Lancet Reg
Health - Western Pacific. 2020; doi: 10.1016/j.lanwpc.2020.100062

Prada JM, Metcalf CJE, Takahashi S, Lessler J, Tatem AJ, Ferrari M. Demographics, epidemiology
and the impact of vaccination campaigns in a measles-free world - can elimination be maintained?
Vaccine. 2017; 35 (11) 1488-1493. [PubMed: 28216186]

Rimoin, Anne W; Mulembakani, Prime M; Johnston, Sara C; Smith, James OLloyd; Kisalu, Neville K;
Kinkela, Timothee L; Blumberg, Seth; , et al. Major increase in human monkeypox incidence 30
years after smallpox vaccination campaigns cease in the Democratic Republic of Congo. Proc Natl
Acad Sci USA. 2010; 107 (37) 16262-16267. [PubMed: 20805472]

Epidemics. Author manuscript; available in PMC 2022 March 21.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Metcalf et al.

Page 16

Roy, Manojit; Zinck, Richard D; Bouma, Menno J; Pascual, Mercedes. Epidemic cholera spreads like
wildfire. Sci Rep. 2014; January. 4 3710 [PubMed: 24424273]

Ruktanonchai NW, Floyd JR, Lai S, Ruktanonchai CW, Sadilek A, Rente-Lourenco P, Ben X, et al.
Assessing the impact of coordinated COVID-19 exit strategies across Europe. Science. 2020; 369
(6510) 1465-1470. [PubMed: 32680881]

Saad-Roy, Chadi M; Morris, Sinead E; Jessica, C; Metcalf, E; Mina, Michael J; Baker, Rachel E;
Farrar, Jeremy; Holmes, Edward C; , et al. Epidemiological and evolutionary considerations of
SARS-CoV-2 vaccine dosing regimes. Science. 2021; 372 (6540) 363-370. [PubMed: 33688062]

Saad-Roy, Chadi M; Wagner, Caroline E; Baker, Rachel E; Morris, Sinead E; Farrar, Jeremy; Graham,
AndrealL; Levin, Simon A; Mina, Michael J; Metcalf, C; Jessica, E; Grenfell, Bryan T. Immune
life history, vaccination, and the dynamics of SARS-CoV-2 over the next 5 years. Science. 2020;
doi: 10.1126/science.abd7343

Salathé, Marcel; Khandelwal, Shashank. Assessing vaccination sentiments with online social media:
implications for infectious disease dynamics and control. PLoS Comput Biol. 2011; 7 (10)
€1002199 [PubMed: 22022249]

Sandmann F, Davies NG, Vassall A, Edmunds WJ, Jit M. Centre for the Mathematical Modelling
of Infectious Diseases COVID-19 working group. The Potential Health and Economic Value of
SARS-CoV-2 Vaccination alongside Physical Distancing in the UK: Transmission Model-Based
Future Scenario Analysis and Economic Evaluation. Lancet Infect Dis. 2021; 21: 962-974. DOI:
10.1101/2020.09.24.20200857 [PubMed: 33743846]

Sridhar, Devi; Majumder, Maimuna S. Modelling the pandemic. Br Med J. 2020; doi: 10.1136/
bmj.m1567

Takahashi, Saki; Greenhouse, Bryan; Isabel, Rodriguez-Barraquer.

Tatem AJ, Huang Z, Das A, Qi Q, Roth J, Qiu Y. Air travel and vector-borne disease movement.
Parasitology. 2012; 139 (14) 1816-1830. [PubMed: 22444826]

Toor, Jaspreet; Rollinson, David; Turner, HugoC; Gouvras, Anouk; King, CharlesH; Medley,
GrahamF; Déirdre Hollingsworth, T; Anderson, RoyM. Achieving elimination as a public health
problem for Schistosoma mansoni and S. Haematobium: when is community-wide treatment
required? J Infect Dis. 2020; 221 (Suppl 5) S525-S530. [PubMed: 31829414]

Townsend, SunnyE; Lembo, Tiziana; Cleaveland, Sarah; Meslin, FrancoisX; Miranda, Elizabeth;
Mary, Agung Gde; Putra, Anak; Haydon, Daniel T; Hampson, Katie. Surveillance guidelines for
disease elimination: a case study of canine rabies. Comp Immunol Microbiol Infect Dis. 2013; 36
(3) 249-261. [PubMed: 23260376]

Tsang, Tim K; Wu, Peng; Lin, Yun; Lau, Eric HY; Leung, Gabriel M; Cowling, Benjamin J. Effect
of changing case definitions for COVID-19 on the epidemic curve and transmission parameters
in Mainland China: a modelling study. Lancet Public Health. 2020; 5 (5) e289-e296. [PubMed:
32330458]

Vegvari, et al. Commentary on the use of the reproduction number R during the COVID-19
pandemic’,1-11. Stat Methods Med Res (Special Issue: Pandemics). 2011. 1-11.

Wang, Ming; Yan, Meiying; Xu, Huifang; Liang, Weili; Kan, Biao; Zheng, Bojian; Chen, Honglin; , et
al. SARS-CoV infection in a restaurant from Palm Civet. Emerg Infect Dis. 2005; 11 (12) 1860.
[PubMed: 16485471]

Weitz, Joshua S; Park, Sang Woo; Eksin, Ceyhun; Dushoff, Jonathan. Awareness-driven behavior
changes can shift the shape of epidemics away from peaks and toward plateaus, shoulders, and
oscillations. Proc Natl Acad Sci USA. 2020; 117 (51) 32764-32771. [PubMed: 33262277]

Wesolowski, Amy; Winter, Amy; Tatem, Andrew J; Qureshi, Taimur; Enge-Monsen, Kenth; Buckee,
Caroline O; Cummings, Derek AT; Metcalf, C; Jessica, E. Measles outbreak risk in Pakistan:
exploring the potential of combining vaccination coverage and incidence data with novel data-
streams to strengthen control. Epidemiol Infect. 2018; 146 (12) 1575-1583. [PubMed: 29860954]

WHO Strategic Advisory Group on Malaria Eradication. Malaria Eradication: Benefits, Future
Scenarios and Feasibility: A Report of the Strategic Advisory Group on Malaria Eradication.
2020.

Worobey, Michael; Pekar, Jonathan; Larsen, Brendan B; Nelson, Martha I; Hill, Verity; Joy, Jeffrey
B; Rambaut, Andrew; Suchard, Marc A; Wertheim, Joel O; Lemey, Philippe. The emergence

Epidemics. Author manuscript; available in PMC 2022 March 21.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Metcalf et al.

Page 17

of SARS-CoV-2 in Europe and North America. Science. 2020; 370 (6516) 564-570. [PubMed:
32912998]

Epidemics. Author manuscript; available in PMC 2022 March 21.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Metcalf et al.

Cases

Page 18

A
Stochastic
fade out Maintain
i local i
i@ {.ainaon §
N
N4
O
&,

Fig. 1. Schematic of endemicity vs.
elimination for an emerging pathogen, focusing on a definition of elimination corresponding

to absence of transmission, and illustrating the importance of temporal and spatial scale.
The top three panels illustrate the spatial pattern of reported cases of an emerging pathogen
at three points in time, where filled points indicate the x,y coordinates of each reported

case, and color-filled areas indicate different administrative boundaries, such as regions. The
bottom panel shows the corresponding numbers of reported cases (y axis) over time (x axis),
with the black line showing cumulative cases across all regions, and colored lines showing
case totals for each region (y axis), with colors as on the upper panel. In some regions, the
pathogen may stochastically fade-out (brown area contains no points after the first panel,
and brown line goes to zero on the lower panel) corresponding to elimination (assuming
that no infections are missed by case reporting). Alternatively, in some regions, the pathogen
might establish continuous circulation (blue and green areas always contain points in the
top panels, blue and green lines are always above zero on the lower panel); in others, the
pathogen might never arrive, or might rapidly go extinct, but then be reintroduced (purple
areas and lines). Thus, the spatial and temporal scales of analysis will define conclusions as
to whether the pathogen is endemic or has been eliminated. For example, focusing within
the brown area, one might conclude a status of persistent elimination had been achieved.
However, if the full spatial extent is considered, pathogen circulation is ongoing at the end
of the time-series (black line indicating cumulative cases is above zero at the end of the
time-series). (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)
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Table 1
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Examples of data-sources, their uses and integration into models, and associated core challenges. That many
of the listed data-sources are open-access has been critical to their utility in responding to infectious disease

outbreaks.

Type of data

Uses

Integration into models

Challenges

Routine surveillance for cases
- laboratory confirmed
- suspected

- syndromic

Examples sources: Healthmap, flutrackers,
DHIS2, sentinel systems for ILI and SAR

Genetic sequence data Example sources:
Genbank,GISAID, Nextstrain, Microreact

Serology Example sources: serotracker.com
(noting all SARS-CoV-2)

Animal reservoir sequencing (or serology)
Possible sources: Genbank, GISAID, etc

Census based population density, structure
by age, etc Possible sources: worldpop.org,
GPW/SEDAC

Timing, location and scope of interventions
Possible sources: Blavatnik School

of Government COVID-19 Government
Response Tracker

Remote sensing/satellite imagery

Possible sources: NASA (e.g.
https://neo.sci.gsfc.nasa.gov/), ESA (https://
earth.esa.int/eogateway/)

Mobile phone data, social media data
Possible sources: google mobility (https:/
www.google.com/covid19/mobility/);

Social media related information providing
a window onto sentiment dynamics
Possible sources: twitter, facebook (https://
dataforgood.fh.com/)

Estimate parameters

(Rt, generation time);
effectiveness of
interventions; evidence of
circulation

Infer transmission
pathways, pathogen
relatedness, distinguish
cryptic transmission
versus incursions;
inferring dynamical/
immunological
differences between
variants

Estimate attack rate/force
of infection; susceptibility

Spillover (and spillback)
risk;

Case fatality, morbidity in
different settings

Rt, and impact of
interventions

Populations at risk,
suitable habitat,
seasonality of
transmission and global
range

Mobility

Evolution of social norms,
spread of misinformation

Fit both biological
parameters and estimates of
the impact of interventions
(e. g., trajectory matching);
verification of elimination

Timing and number of
introductions; using variant
frequencies/distribution

to infer pathogen
characteristics/fitness

Landscape of immunity, i.e.
retrospective or prospective
pathogen spread

Model frequency of
spillover/introductions

Burden, costeffectiveness,

spread

Cost-effectiveness

Modulation of Rt,
responses to policy
information

Behaviour feedbacks on
transmission

Collation, harmonization,
Sensitivity and specificity
(especially for syndromic
surveillance)

Speed of pathogen evolution
(limits inference of who infected
whom e. g. in nosocomial
transmission (Abbas et al.,
2021)); uneven sampling across
populations

Difficult to collect, variance
among assays, waning at initially
unknown rates (Takahashi et al.,
2021), uncertain (and often hard
to resolve) relationship between
serology and protection;

Hard to sample a wide area

Unavailable in some resource
poor settings

Disentangling specific effects
of interventions when deployed
in combination in different
populations/intensities

Climate role may be limited for
emerging pathogens

Not necessarily clear that it
captures transmission relevant
movement; may not be available
for critical populations

Mapping from social media
to behaviour not always
straightforward

Epidemics. Author manuscript; available in PMC 2022 March 21.


https://neo.sci.gsfc.nasa.gov/
https://earth.esa.int/eogateway/
https://earth.esa.int/eogateway/
https://www.google.com/covid19/mobility/
https://www.google.com/covid19/mobility/
https://dataforgood.fb.com/
https://dataforgood.fb.com/

	Abstract
	Introduction
	Data challenges of future pandemics in the context of endemicity/elimination
	Develop generic tools that allow rapid cleaning of data
	Develop models that characterize the limits of currently available surveillance data
	Develop novel metrics for elimination
	Quantify the added value of extended sampling schemes and surveillance strategies
	Identify common surveillance needs associated with pathogen characteristics
	Identify surveillance needs associated with metapopulation structure and temporal changes

	Challenges in developing the theoretical framework for understanding the likely trajectories of pathogens towards endemicity or elimination
	Develop theory relating to metapopulation context
	Develop theory relating to unknown biological features towards endemicity
	Develop theory relating to feasibility and desirability of elimination

	Challenges in estimating core quantities around endemicity / elimination
	Develop approaches to estimate core parameters for elimination and resurgence
	Develop approaches to estimate parameters relating to rapidly shifting ground

	Challenges in addressing politics, economics, and behaviour around endemicity / elimination
	Develop modeling approaches that include Epidemiology and Economics
	Develop modeling approaches that include Epidemiology and Behaviour
	Develop modeling approaches that can identify tractable policies nationally
	Addressing transboundary issues and the global context

	Discussion
	References
	Fig. 1
	Table 1

