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Public health practitioners require measures to evaluate how vulnerable
populations are to diseases, especially for zoonoses (i.e. diseases transmitted
from animals to humans) given their pandemic potential. These measures
would be valuable to support strategic and operational decision making
and allocation of resources. But, vulnerability is well defined for natural
hazards, for public health threats the concept remains undetermined.
Here, we developed new methodologies to: (i) quantify the impact of zoonotic diseases and the capacity of countries to cope with these diseases, and
(ii) combine these two measures (impact and capacity) into one overall
vulnerability indicator. The adaptive capacity is calculated from estimations
of disease mortality although the method can be adapted for diseases with
no or low mortality but high morbidity. As example, we focused on the
vulnerability of Nigeria and Sierra Leone to Lassa Fever and Ebola. We
developed a simple analytical form that can be used to estimate vulnerability
scores for different spatial units of interest, e.g. countries or regions. We
showed how some populations can be highly vulnerable despite low
impact threats. We finally outlined future research to more comprehensively
inform vulnerability with the incorporation of relevant factors depicting
local heterogeneities (e.g. bio-physical and socio-economic factors).
This article is part of the theme issue ‘Detection, forecasting and control
of infectious disease epidemics: modelling outbreaks in humans, animals
and plants Part 2’.

There is a general consensus that the accelerating changes to Earth’s natural
systems pose significant threats to global human health [1,2]. Identifying populations vulnerable to these threats and assessing relevant mitigating strategies
are two important priorities for the scientific community, public health practitioners, international organizations such as the World Health Organization
(WHO) and relevant national government agencies [3]. Although the term is
sometime used in a loose way, vulnerability is a well-established concept in
the field of climate change and disaster risk reduction/management [4– 6].
By contrast, integration of vulnerability in the control of infectious diseases
is still relatively new although the literature on the subject is growing, especially
due to the impact of climate change on vector-borne and food-/water-borne
infections [7–12]. Here, we focus on vulnerability to infectious diseases only.
Specifically, by disease vulnerability we refer to the ability of a community
(e.g. a country) to limit the spread of infectious diseases [3]. The definition
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2. Material and methods
(a) Formal definitions
Vulnerability (V) is formally defined as the ratio of impact, I, and
adaptive capacity, AC (see [6,43] and references therein), i.e.
V¼

I
:
AC

(2:1)

In our context, we use the expected number of infected cases at time
t as operational definition of impact (representing the burden of
zoonotic diseases on a given population) and we use the expected
number of recovered cases out of all infected as operational definition
of adaptive capacity (representing the ability of such population
to cope with the impact of such disease). We distinguished two
situations: ‘severe cases’ and ‘general cases’. For the former, we
do not take into account individuals who naturally recover
from the disease as they do not require costly resource such as
hospitalization; we also made the underlying assumption that
health-seeking behaviour, resulting in hospitalization for which
we have data, occurs only in severe cases. Asymptomatic cases,
assumed to be not detected, are not taken into account in the
definition of vulnerability for severe cases. Individuals who naturally recovered are taken into account in the definition of
vulnerability for general cases as the infection status will result
in loss of working days, personal cost for medicines etc. Here
and throughout the paper, we use the suffix ~sev and ~gen to
represent these situations.

2
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occasional, possible cases of human-to-human transmission
have been detected. It is important to emphasize that according to [35] most cases have zoonotic origins, interspersed
with cases (about 20% although the estimate is affected by
uncertainty) ascribable to human-to-human transmission
arising from a few super-spreaders [35] (and therefore
ladder-like genetic structure of the phylogenetic tree is not
expected [39]). Another important aspect to be considered
in future studies is the role of asymptomatic cases (in about
80% of cases, symptoms are mild and are undiagnosed
[41]); samples from asymptomatic cases are, in general, not
included in the viral sequencing and this might affect the conclusions of phylogenetic analysis. The impact of Lassa fever
and Ebola as well as communities’ adaptive capacity, and
therefore their vulnerability to the diseases, are expected
to be affected by a wide range of environmental, biological,
ecological, socio-economic and political drivers. Examples
of such drivers for impact are demographic pressure,
human mobility, the practice of burning fields after harvesting (driving M. natalensis towards villages), interaction
with wildlife via bush-meat hunting, seasonal crowding of
miners in dwellings etc. Examples of such drivers for adaptive capacity are income, infrastructure such as hospitals
and network of family support. Current approaches to the
assessment of population vulnerability to infectious diseases
suffer from limitations: they tend to be qualitative in nature,
they are usually structured in an ad hoc fashion based
on a particular threat, and their transparency is often
challenged when formulated as complex integrated assessment
models [42].
Here, we propose to address some of these limitations.
We focus on the formulation of a mechanistic model to
measure vulnerability, the model is structured in a way that
the complex range of factors depicting local heterogeneities
can be incorporated into the model. The model can also be
dynamically updated as new information becomes available.

royalsocietypublishing.org/journal/rstb

66

comprises two important concepts: disease impact and
adaptive capacity, i.e. the ability of the community to cope
with the disease. Below we will introduce an ‘operational
definition’ (i.e. a definition in terms of the procedure to
measure the variable of interest) for these concepts, but we
can anticipate that vulnerability to infectious diseases is
expected to be affected by changes in economic development
(e.g. change in healthcare infrastructures [3,13]), shift in sociocultural practices (e.g. changes in the funeral practices
in West Africa following the Ebola epidemics [14,15]),
variation in the demographic structure of a population (e.g.
increase in the proportion of older people [15]), trade and
travel patterns (e.g. incursion of Aedes albopictus in south
Europe due to trade of international tyres and lucky
bamboo (Dracaena braunii) [16,17] followed by outbreaks of
Chikungunya fever in north-eastern Italy in 2007 [18,19],
and autochthonous cases of dengue fever in 2010 in
France [20], Croatia [21] and Madeira in 2012 [22,23]),
and immunization-related phenomena (e.g. increasing
anti-vaccine movements [24]) etc.
This is not surprising, considering the impact of socioeconomic, environmental and ecological factors on infectious
diseases [25].
Ebola and Lassa fever are two illuminating examples of
the intricate interactions between disease vulnerability and
these broad drivers. Ebola and Lassa fever are zoonotic,
viral haemorrhagic fevers endemic in Central and West
Africa [26 –28].
There are four pathogenic strains of Ebola virus (Zaire,
Sudan, Tai Forest and Bundibugyo) causing Ebola virus
disease (EVD) with a high case fatality rate in diagnosed
patients [29]. Fruit bats have been suggested to be the reservoir of Ebola virus [30]; however, other candidates might
play an important role either as a reservoir or amplifying
host [28,31]. Socio-economics factors, e.g. bush meat hunting,
enhance opportunities for bat-to-human interactions, and
therefore spillovers. Behaviour, e.g. family interactions [32],
funeral practices [14] and healthcare responses [33] further
impact the epidemiology of the disease.
Lassa fever is caused by Lassa fever virus (LASV), an
enveloped RNA virus of the Arenaviridae. According to
one estimation [34], there are 300 000 cases of the disease
each year in West Africa, and some 3000 deaths, although
the calculation is highly uncertain. Since the identification
of LASV, human-to-human transmission has been documented in several nosocomial outbreaks ([35] and references
therein) leading to the initial perception that the virus
was both highly contagious and virulent [36]. Soon
after, however, its zoonotic origin was recognized and
Mastomys natalensis, one of the most common African
rodents, was identified as the reservoir of the virus [37]. As
the risk of nosocomial transmission was shown to be dramatically reduced by using the simple barrier nursing method
([35] and references therein), the general consensus has
shifted towards the idea that the disease is primarily transmitted by the Mastomys natalensis, with human-to-human
transmission limited to nosocomial transmission. In the last
few years, this narrative started to be challenged, with
more evidence of other host reservoirs [38] and further indication that human-to-human transmission might play an
important role [35]. This appears to be in contrast with
recent studies in Nigeria [39,40], according to which extensive
human-to-human transmission does not occur, although,
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(b) Epidemiological scenarios
We consider the following epidemiological scenarios. The rationale for this choice was the epidemiological relevance of these
scenarios and the natural mathematical progression, by extending the simplest model for pure spillover events to more
complex ones (table 1 and electronic supplementary material).
— Spillover events with no human-to-human transmission and no
variation in the number of susceptibles. This scenario exemplifies
a situation such as rare infections of pathogens with no or
limited human-to-human transmission, e.g. rabies virus infection, in a large pool of susceptibles for which changes in their
number are negligible.
— Spillover events with no human-to-human transmission and
depletion of susceptibles. The second scenario is when the
pool of susceptibles is limited, and infections from spillover
events result in either the death of the hosts or in its immunity. As susceptibles are continuously depleted, the rate of
infections is reducing with time and the epidemics is selfcorrecting [44]. This scenario exemplifies a situation such
as a long chain of spillover events in small, isolated communities (e.g. Brucellosis in a community of pastoral
herders).
— Spillover events with human-to-human transmission and depletion
of susceptibles. The third scenario is similar to the situation
above with additional contribution of human-to-human
transmission. If the contribution of human-to-human transmission is small, resulting in a basic reproductive number
less than one, the epidemiological scenario is referred to as
a stuttering chain. As a human infection triggers other
infections, the rate of infections due to human – human
transmission increases with time. In the absence of depletion
of susceptibles, the epidemic is self-exciting; otherwise, the
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two mechanisms, self-exciting and self-correction, coexist
[44]. This scenario exemplifies a situation such as Ebola
for which human-to-human transmission plays a dominant
role, MERS Coronavirus [45], or Lassa fever due to
human-to-human transmissions arising from super-spreading
events [35].
— Multiple (two) diseases. In general, diseases do not occur in isolation and the simultaneous occurrence of multiple epidemics
is expected to have a large impact on communities vulnerability. For instance, due to the additional strain on
healthcare facilities and resources, as happened in Sierra
Leone when the Kenema government hospital Lassa
fever Team mobilized to establish Ebola virus surveillance
and diagnostic capabilities during the 2013–2016 Ebola outbreak [46]) and then were unable to respond to Lassa.
Interactions among infections may also affect the burden of
diseases. For example, several studies have indicated an association between HIV infection and other sexually transmitted
diseases [47].
— Extension to larger regions (e.g. country level). The model is
formulated at the smallest spatial resolution, which is
dictated by ecological and epidemiological factors. For
example, for Lassa fever the smallest spatial unit is a region
of size comparable to the dispersal range of Mastomys natalensis
and where the assumption of uniform mixing (everyone is in
contact with each other) is valid. In some instances, it may
be more relevant, however, to know the vulnerability of a
larger geographical region, region or administrative unit
such as a province or a country. The underlying model
(based on a Poisson processes) can be readily extended to
measure vulnerability at larger scale (as the sum of two independent Poisson distributed random variables is still a Poisson
random variable).
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Table 1. Functional forms of vulnerabilities for a range of epidemiological scenarios. The sufﬁxes ~sev and ~gen represent the situations for ‘severe cases’ and
‘general cases’; sufﬁxes ~disA and ~disB refer to diseases A and B; (x, y) identify the coordinates of the particular spatial unit; g is the probability of recovering
is the rate at which infections
naturally, gH is the probability of recovering following some kind of intervention, x is the proportion of detected cases; lsuffix
j
occur, fsuffix
is
the
rate
at
which
individuals
recover
at
time
t
during
the
interval
t
[
[(
j
2
1)
t
,
j
t
]
where
t
is
the
chosen
time
step.
j
j
j
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l ¼ xNH hR (NR )PrR (NR )xR þ (1  x)NH hR (NR )PrR (NR )xR
¼ NH hR (NR )PrR (NR )xR ,

(2:2)

where x is the proportion of detected cases; NH is the human
population size of the geographical unit of interest, e.g. total
number of people in a village; hR(NR) is a measure of exposure;
PrR(NR) is the prevalence of the infected reservoir; both exposure
and prevalence are expected to depend on the reservoir
population size NR; xR is a parameter combining two complex
mechanisms: the ability of the reservoir to excrete a suitable
dosage of the agent/pathogen/hazard and the human response
to it. We refer to this parameter as infection-response efficiency.
We assumed that all detected cases results in some intervention.
Similarly, we assume that the probability of a person recovering,
i.e. the adaptive capacity AC, is given by a Poisson process with
rate f sev or f gen depending on weather we are considering the
situation for severe cases or general cases. Namely:
Adaptive Capacity for severe cases. In this case, the rate f sev(t)
of the Poisson process is given by

fsev ¼ xlgH ,

(2:4)

238
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where g is the probability that a person naturally recovers
without intervention. For the severe cases scenario, the impact
I is represented by the fraction of detected infected cases xl
and the vulnerability is
Vsev ¼

I
xl
1
¼
¼
:
AC fsev gH

(2:5)

In the general cases scenario, the impact I is represented by the
total number of infected cases l and the vulnerability is

247
248
249
250
251
252

Vgen ¼

I
l
1
¼ ¼
:
AC f (1  x)g þ xgH

gH ¼

DF
,
D

(2:7)

where D is the cumulative number of cases detected during a
certain time T and F is the cumulative number of fatal cases
out of the detected ones during the time T. Here, we consider
any non-fatal cases as recovered, hence D 2 F represents the
number of recovered cases at time T and gH is the proportion
of recovered cases, out of all detected cases, at time T.
The method could be adapted to diseases with low or no mortality but high morbidity, for instance by estimating the
probability of recovering due to intervention as gH ¼ Streat/D,
where Streat is the cumulative number of cases during a time T
resulting in a successfully medical treatment. Confidence interval
around vulnerability measures was calculated based on a Poisson log-linear model for the ratio of two independent Poisson
rates [48]. The probability of natural recover could be obtained
by survival/mortality data if information on the undetected,
including asymptomatic, cases are available (see [41]). The probability of detection x can be inferred by the literature,
surveillance data or other modelling exercises.
Alternatively, the relevant parameters, for example, the probability of recovering following intervention gH, could be further
modelled using other proxies such as number of hospital beds,
income etc.

(d) Case studies and data
We studied the vulnerability of Sierra Leone to Ebola, and the
vulnerability of Sierra Leone and Nigeria to Lassa fever. We
used data (number of laboratory confirmed cases and number
of deaths) from the 2013 –2016 Ebola epidemics in Sierra
Leone, Lassa fever epidemic in Sierra Leone during 2008 – 2012
and from the 2017 – 2018 Lassa fever epidemic in Nigeria. Data
were extracted from publicly available repositories [49 – 51] and
from Kenema Government hospital in Sierra Leone (available
from [35]).

(2:3)

where gH is the probability that an infected person seeking intervention (and therefore drawn from the expected number of
detected, spillover cases xl ) recovers following some kind of
intervention e.g. treatment, hospitalization, other forms of healthcare aid. Accordingly, the quantity xlgH represents the expected
number of recovered cases (as a proportion of detected, spillover
cases xl ) cases per time unit.
Adaptive Capacity for general cases. In this case, the rate f gen(t)
of the Poisson process is given by

fgen ¼ (1  x)lg þ xlgH ,

diseases with high mortality, the probability of recovering due
to intervention can be inferred as

(2:6)

Thus, the method requires estimates of the (i) probability of
recovering following intervention gH (ii) probability of recovering naturally g and (iii) probability of detection x. For a
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3. Results
(a) Some simple expressions for vulnerability
Table 1 shows the analytical expressions of vulnerability for
the general and severe situations for some key epidemiological scenarios. Accordingly, we showed that vulnerability
can be simply estimated as the inverse of the probability of
recovering. For the severe situation, this simply reduces to
one parameter, gH, representing the probability of recovering
following intervention. For the general situation, the probability of recovering is a linear (additive) combination of
the fraction of detected cases  the probability of recovering
following intervention and the fraction of undetected
cases  the probability of natural recovery, g. The functional
form of vulnerability is not dependent on the number of
diseased cases; this is strictly valid when the system under
consideration (e.g. a country) is able to cope with any
magnitude of disease burden and the probability of recovering is not affected by the number of diseased cases. When the
number of diseased cases overcomes a certain threshold,
there will no longer be beds in hospital and/or medical
personnel available. In this case, the functional form of
vulnerability would still scale as the inverse of the probability
of recovering, but this would be a function of the number of
diseased cases, i.e. gH ! gH(l ), rather than a simple constant.

4
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Based on this definition (2.1) and building on a mathematical
model for spillover events (as Poisson processes) and stuttering
chain (as Hawkes processes) [44], we derived analytical expressions
for vulnerability for the epidemiological scenarios as described
above. Below we show the mathematical derivation for the
simple case of vulnerability to diseases with no human-to-human
transmission. Mathematical derivations of the more complex
situations follow similar steps and are presented in the electronic
supplementary material. Following [44], spillover events can be
treated as a Poisson process, and complex drivers are incorporated in the functional form of the rate, l, of the Poisson
process. More precisely, in the simplest scenario the human
population is uniformly subjected to random and independent
(direct or mediated) contacts with the animal reservoir. Only a
fraction of these contacts, equal to the infection prevalence of
the reservoir, are a potential source of infection. We also
distinguish the detected infections from the undetected ones.
Accordingly, we assume:

royalsocietypublishing.org/journal/rstb
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(c) Modelling approach
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Figure 1. Time-dependent vulnerability to Lassa fever for Sierra Leone (a) and Nigeria (b) during recorded epidemics. Continuous dark red line: severe situations; grey area: 95% confidence interval for the severe situations; continuous blue line: general situation; orange dashed-line: overall, crude estimate of
vulnerability for severe situation based on the information that the observed case-fatality rate among patients hospitalized with severe cases of Lassa
fever is 15% [41], i.e. V ¼ 100/(100 2 15); black dashed-line: overall, crude estimate of vulnerability for general situation based on an overall case-fatality
rate is 1% [41], i.e. V ¼ 100/99. Data from the first month were removed to avoid potential death cases associated with infections occurred the month before
and not detected.
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In the co-presence of multiple diseases, the analytical
expression for vulnerability becomes a function incorporating
(i) the sum of the two disease cases, (ii) the probabilities of
recovering and (iii) the fraction of detection for the different
diseases. In this situation, the functional form of vulnerability
depends on the number of cases of the two specific diseases,
with relevant parameters (e.g. proportion of detection
and probability of recovering for the two diseases) being
weighted by factors representing the relative burden of disease A and disease B (electronic supplementary material).
This reflects the fact that the diseases can have a differential
effect on impact and adaptive capacity (for instance, when
a country can cope better with one disease rather than the
other). As above, in a more general situation, the probability
of recovering should be substituted with the adequate
function of the number of cases for both diseases.
Extension of the model at larger spatial resolution also
leads to a transparent expression for vulnerability, which is
simply the ratio of the overall impact (i.e. the sum of the
impacts for each spatial unit) and overall adaptive capacity
(i.e. the sum of the adaptive capacity for each spatial unit).
Finally, it is important to emphasize that the terms in
the rate l (e.g. the reservoir population size NR and the
prevalence of the infected reservoir PrR(NR)) can be seasonal
(leading to an in-homogeneous Poisson process) and
stochastic (leading to Cox processes, and if the rate l is a

rstb20180265—2/4/19—13:01–Copy Edited by: Not Mentioned
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gamma-distributed variable, the Cox process is described
by a negative binomial distribution [44]). Similar consideration can be applied to the adaptive capacity and in turn to
the vulnerability, i.e. estimations of vulnerability are expected
to be seasonal and stochastic.

(b) Vulnerability to Lassa fever and Ebola in Nigeria
and Sierra Leone
Figure 1 shows the vulnerability to Lassa Fever during the
2017–2018 epidemic in Nigeria, and for 2008–2012 in
Sierra Leone. Estimations for both the general and severe situations are presented. For Nigeria, vulnerability decreases
with time reaching the asymptotic values between 1.25 and
1.5 (severe situation) and between 1.25 and 1.3 (general situation). Note that according to our definition, a vulnerability
equal to 1 means that all infected cases recover. In Sierra
Leone, vulnerabilities increase with time after 2010 and
tend to be slightly higher than the corresponding values for
Nigeria. The vulnerabilities for the general situation tend to
be lower than those for the severe situation. The vulnerability
to Lassa fever in Nigeria shows a marked decrease during the
time of the epidemics compared with the vulnerability for
Sierra Leone (1). The decreasing trend in Nigeria is largely
driven by the fact that the number of fatal cases decrease
with time, although the number of detected cases also
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4. Discussion
Vulnerability is a complex concept and estimating its value is
a highly dimensional problem largely affected by a diverse
range of cultural/anthropological, environmental, political
and socio-economic drivers [52,53]. Examples of these factors
are perception of the disease, urbanization, deforestation,
infrastructures and service disruption, new technologies, climate, weather, land use, resources to implement necessary
programmes, etc. This poses enormous challenges to measure
and predict vulnerability and to its understanding.
To overcome this problem, we propose to focus on established definitions of impact, adaptive capacity and therefore
vulnerability. Accordingly, the impact was measured as
the number of infected cases and adaptive capacity as the
number of recovered out of the diseased cases. An important
advantage of this approach is the simplicity of the functional
forms of vulnerability, especially when only one disease is
considered. Another important benefit is that the expressions
for vulnerabilities, for both general and severe situations, are
identical for several different scenarios e.g. pure spillover and
spillover with human-to-human transmission. It is important
to recognize, however, that the formulation of the model, and
thus the specific functional form of vulnerability, depends on
the epidemiological scenario and specific problem that we
want to address. Guidance from other approaches such
as expert opinion [6,10] and participatory research [54,55]
would be highly beneficial in identifying the scenario of
interest and critically scrutinize the analytical expression
for vulnerability.
The analytical expressions for vulnerabilities for the
relevant scenarios are the key result from this work. We
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Figure 2. Time-dependent vulnerability to Ebola for Sierra Leone during
recorded epidemics. Continuous dark red line: severe situations; grey area:
95% confidence interval for the severe situations. Data from the first
month were removed to avoid potential death cases associated with infections occurred the month before and not detected.
applied our analytical framework on Lassa fever and Ebola.
As direct evidence on key parameters was not available, we
inferred them from data. As an illustrative example, the probability of recovering following intervention gH was crudely
estimated from the cumulative number of detected and fatality cases. We would recommend however, more detailed
analyses [56] to estimate the probabilities of recovering.
Our approach can produce a time-dependent estimation
of vulnerability as the epidemics progress (as shown in
figures 1 and 2). An important difference between vulnerability to Lassa fever and Ebola is the observed temporal
trend of the estimations. In contrast with that to Lassa
fever, vulnerability to Ebola increases sharply as the epidemics progress followed by a plateau. It is also important
to note that the accuracy of estimates of vulnerability is
expected to increase towards the end of the epidemics, as
the estimation of the probability of recovering following
intervention is more robust due to the larger samples.

(a) Future development
Future development will extend our simple models to incorporate relevant factors describing local heterogeneities to
identify potential associations with the estimated vulnerability. For instance, the probability of recovery from
diseases due to intervention could be linked with indicators
such as proximity to healthcare facilities, number of hospital
beds and others. In turn, these factors could be associated
with more general socio-economic factors such as literacy
rate, poverty rate, government expenditure on health and
so on. Identifying the relevant indicators and factors potentially affecting vulnerability is not a trivial task, especially
as these factors are often correlated ([57] and references
therein). Nevertheless, the formal incorporation of these
local heterogeneities in our analytical framework would
allow prioritization of vulnerability predictors and support
targeted investments. Institutions like the WHO require
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increases. The reasons are not entirely clear, but we suspect
that this is due to the fact that Lassa fever in Sierra Leone
might not prompt any exceptional response (being hyperendemic in that area), while in Nigeria the outbreak triggered
a stronger response, especially following the 2013– 2016
Ebola outbreak. The uncertainty decreases with time, reflecting the increasing number of detected cases and of fatal
cases out of the detected ones, which reduces the uncertainty
in the estimation.
For Ebola in Sierra Leone (figure 2), we consider only the
severe situation, as no information on detection and the probability of natural recovery were available to the authors
(vulnerability for the general case can be readily estimated
as soon as these data become available). Vulnerability
increased sharply during the 2015–2016 epidemic reaching
a higher value than that estimated for Lassa fever. To understand these patterns, it is instructive to look at the number
of detected and recovered cases; as can be seen in figure 3,
the number of recovered cases was, in general, higher in
January– March 2015 compared to the value after July
2015, explaining the larger vulnerability after July 2015.
The reasons for the larger number of recovered cases in
January– March 2015 are not clear. Figure 4 shows the
vulnerability of the different Nigerian administrative states
to the Lassa epidemic in 2017– 2018; the figure also shows
the burden of disease. The most vulnerable states are not
necessarily those with higher impact, for instance the state
of Plateau is the most vulnerable despite the relatively low
burden of disease.

vulnerability
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Figure 3. (a,b) Cumulative number of detected and recovered Ebola cases in Sierra Leone. Data from the first month were removed to avoid potential death cases
associated to infections occurred the month before and not detected.
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adapt to new threats; however, this does not imply that the
system remains unchanged. An additional important tool is
a measure of the ability of the system to return to the same
conditions before a perturbation, such as an epidemic (resilience) [5], and how quickly the recovery process takes.
Stability analysis is an example of a theoretical approach
that can be used to assess resilience, as recently done in
[59] where we identified the environmental conditions leading either to stable oscillation in the mosquito population
and prevalence of Rift Valley Fever, i.e. the eco-system is
resilient to control measures, (note that in this context the
term resilience has a negative meaning from a public
health perspective), or to the extinction of the mosquitoes/
infection. Understanding and assessing health threats in the
Anthropocene epoch requires an integration of theoretical
tools; vulnerability and resilience are promising examples of
such tools.
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impartial measures to assess vulnerabilities of countries to
diseases to support strategic decision making and allocate
resources. As we showed that there are potential situations
with high vulnerability but low impact (e.g. compare the
Nigerian states of Edo and Plateau). Instead, we envisage
the need for an exhaustive framework that takes into account
both impact and vulnerability (despite vulnerability being
a function of impact). Here, we used Lassa fever and
Ebola as examples, but the generality of the approach clearly
allows application to other pathogens of humans, animal and
plants. In order to produce robust estimates of vulnerability,
the method requires complete datasets of disease cases and
mortality, ideally at high spatio-temporal resolution, which
is a prevailing problem for many neglected diseases and
a challenge for emerging ones. To identify the drivers of
vulnerability, the method also requires linkage, at high
spatio-temporal resolution, between estimates of vulnerability at certain time and location with potential predictors
(e.g. environmental variables) which are not commonly available [57,58]. Sensitivity and resilience are also two important
concepts related to vulnerability, which also suffer from
ambiguous definitions. Vulnerability can be formally and rigorously linked to sensitivity by studying the dependence of
vulnerability to relevant parameters (climate, hospital facilities, poverty, literacy rate etc.) and explore how variations
in these parameters differentially impact vulnerability. Low
vulnerability can be achieved by the system’s ability to

ARTICLE IN PRESS
505

36.

37.

38.

40.

41.

42.

43.

44.

45.

46.

47.

48.

558
559
560
561
562
563
564
565
566
567

rstb20180265—2/4/19—13:02–Copy Edited by: Not Mentioned

49. Anonymous. Knoema. Available at: https://knoema.
9
com/. Retrieved: 14/05/2018.
50. Anonymous. The humanitarian data exchange.
Available at: https://data.humdata.org/. Retrieved:
15/05/2018.
51. Anonymous. Global Health Observatory data
repository. Available at: http://apps.who.int/gho/
data/node.home. Retrieved: 15/05/2018.
52. Sutherst RW. 2004 Global change and human
vulnerability to vector-borne diseases. Clin.
Microbiol. Rev. 17, 136–173. (doi:10.1128/CMR.17.
1.136-173.2004)
53. Bardosh KL, Ryan S, Ebi K, Welburn S, Singer B.
2017 Addressing vulnerability, building resilience:
community-based adaptation to vector-borne
diseases in the context of global change.
Infect. Dis. Poverty 6, 166. (doi:10.1186/s40249-0170375-2)
54. Grant C, Lo Iacono G, Dzingirai V, Bett B, Winnebah
TRA, Atkinson PM. 2016 Moving interdisciplinary
science forward: integrating participatory modelling
with mathematical modelling of zoonotic disease in
Africa. Infect. Dis. Poverty 5, 17. (doi:10.1186/
s40249-016-0110-4)
55. Scoones I, Jones K, Lo Iacono G, Redding DW,
Wilkinson A, Wood JLN. 2017 Integrative modelling
for one health: pattern, process and participation.
Phil. Trans. R. Soc. B 372, 20160164. (doi:10.1098/
rstb.2016.0164)
56. Kleinbaum DG, Klein M. 2005 Survival analysis: a
self-learning text. Berlin, Germany: Springer. ISBN
9780387291505
57. Lo Iacono G, Armstrong B, Fleming LE, Elson R,
Kovats S, Vardoulakis S, Nichols GL. 2017
Challenges in developing methods for
quantifying the effects of weather and climate
on water-associated diseases: A systematic
review. PLOS Negl. Trop. Dis. 11, e0005659.
(doi:10.1371/journal.pntd.0005659)
58. Lo Iacono G, Nichols GL. 2017 Modeling the impact
of environment on infectious diseases. Oxford, UK:
Oxford University Press.
59. Lo Iacono G, Cunningham AA, Bett B, Grace D,
Redding DW, Wood JLN. 2018 Environmental
limits of Rift Valley fever revealed using
Q3
ecoepidemiological mechanistic models. Proc. Natl
Acad. Sci. USA 201803264. (doi:10.1073/pnas.
1803264115)
60. Davis S, Calvet E, Leirs H. 2005 Fluctuating
rodent populations and risk to humans from
rodent-borne zoonoses. Vector Borne Zoonotic
Dis. (Larchmont, NY) 5, 305 – 314. (doi:10.1089/
vbz.2005.5.305)

Phil. Trans. R. Soc. B 20180265

39.

fever. PLOS Negl. Trop. Dis. 9, e3398. (doi:10.1371/
journal.pntd.0003398)
Frame JD, Baldwin JM, Gocke DJ, Troup JM. 1970
Lassa fever, a new virus disease of man from West
Africa. I. Clinical description and pathological
findings. Am. J. Trop. Med. Hyg. 19, 670 –676.
(ISSN 0002–9637)
Monath TP, Newhouse VF, Kemp GE, Setzer HW,
Cacciapuoti A. 1974 Lassa virus isolation from
Mastomys natalensis rodents during an epidemic in
Sierra Leone. Science 185, 263– 265. (doi:10.1126/
science.185.4147.263)
Olayemi A et al. 2016 New hosts of the lassa virus.
Sci. Rep. 6, 25280. (doi:10.1038/srep25280)
Siddle KJ et al. 2018 Genomic analysis of lassa virus
during an increase in cases in Nigeria in 2018.
N. Engl. J. Med. NEJMoa1804498. (doi:10.1056/
NEJMoa1804498)
Kafetzopoulou LE et al. 2019 Metagenomic
sequencing at the epicenter of the Nigeria 2018
Lassa fever outbreak. Science 363, 74 –77. (doi:10.
1126/science.aau9343)
Anonymous. CDC Facts sheet. Available at: http://
www.cdc.gov/ncidod/dvrd/spb/mnpages/dispages/
lassaf.htm. Retrieved 05/09/2011.
Pindyck RS. 2017 The use and misuse of models for
climate policy. Rev. Environ. Econ. Policy 11,
100 –114. (doi:10.1093/reep/rew012)
Del Rio Vilas VJ, Voller F, Montibeller G, Franco LA,
Sribhashyam S, Watson E, Hartley M, Gibbens JC.
2013 An integrated process and management tools
for ranking multiple emerging threats to animal
health. Prev. Vet. Med. 108, 94 –102. (doi:10.1016/
j.prevetmed.2012.08.007)
Lo Iacono G et al. 2016 A unified framework for the
infection dynamics of zoonotic Spillover and spread.
PLOS Negl. Trop. Dis. 10, e0004957. (doi:10.1371/
journal.pntd.0004957)
Perlman S, McCray PB. 2013 Person-to-person
spread of the MERS coronavirus – an evolving
picture. N. Engl. J. Med. 369, 466–467. (doi:10.
1056/NEJMe1308724)
Goba A et al. 2016 An outbreak of Ebola virus
disease in the lassa fever zone. J. Infect. Dis. 214,
S110 –S121. (doi:10.1093/infdis/jiw239)
Mertens T, Hayes R, Smith P. 1990 Epidemiological
methods to study the interaction between HIV
infection and other sexually transmitted diseases.
AIDS (London, England) 4, 57– 65. (doi:10.1097/
00002030-199001000-00008)
Price RM, Bonett DG. 2000 Estimating the ratio of
two Poisson rates. Comput. Stat. Data Anal. 34,
345 –356. (doi:10.1016/S0167-9473(99)00100-0)

royalsocietypublishing.org/journal/rstb

22. European Centre for Disease Prevention and Control,
2012 Mission report. Dengue outbreak in Madeira ,
507
Portugal. Technical Report October- November,
508
European Centre for Disease Prevention and
509
Control (ECDC).
510
23. Tomasello D, Schlagenhauf P. 2013 Chikungunya
511
and dengue autochthonous cases in Europe,
512
2007-2012. Travel Med. Infect. Dis. 11, 274– 284.
513
(doi:10.1016/j.tmaid.2013.07.006)
514
24. Poland GA, Jacobson RM. 2001 Understanding those
515
who do not understand: a brief review of the anti516
vaccine movement. Vaccine 19, 2440 –2445.
517
(doi:10.1016/S0264-410X(00)00469-2)
518
25. Jones KE, Patel NG, Levy MA, Storeygard A, Balk D,
519
Gittleman JL, Daszak P. 2008 Global trends in
520
emerging infectious diseases. Nature 451,
521
990–993. (doi:10.1038/nature06536)
522Q3 26. Pigott DM et al. 2014 Mapping the zoonotic niche
523
of Ebola virus disease in Africa. eLife 3, e04395.
524
(doi:10.7554/eLife.04395)
525
27. Mylne AQN et al. 2015 Mapping the zoonotic niche
526
of Lassa fever in Africa. Trans. R Soc. Trop. Med. Hyg.
527
5, 1–10. (doi:10.1093/trstmh/trv047)
528
28. Pigott DM et al. 2016 Updates to the zoonotic niche
529
map of Ebola virus disease in Africa. eLife 5, e16412
530
(doi:10.7554/eLife.16412)
531
29. Legrand J, Grais RF, Boelle PY, Valleron AJ, Flahault
532
A. 2007 Understanding the dynamics of Ebola
533
epidemics. Epidemiol. Infect. 135, 610 –621.
534
(doi:10.1017/S0950268806007217)
535
30. Leroy EM et al. 2005 Fruit bats as reservoirs of Ebola
536
virus. Nature 438, 575 –576. (doi:10.1038/438575a)
537
31. Leendertz S. 2016 Testing new hypotheses
538
regarding Ebolavirus reservoirs. Viruses 8, 30.
539
(doi:10.3390/v8020030)
540
32. Kiskowski M. 2014 A three-scale network model
541
for the early growth dynamics of 2014 West
542
Africa Ebola Epidemic. PLOS Curr. (doi:10.1371/
543
currents.outbreaks.c6efe8274dc55274f05cbcb
544Q2
62bbe6070)
545
33. Chowell G, Hengartner N, Castillo-Chavez C,
546
Fenimore P, Hyman J. 2004 The basic
547
reproductive number of Ebola and the effects of
548
public health measures: the cases of Congo and
549
Uganda. J. Theor. Biol. 229, 119 – 126. (doi:10.
550
1016/j.jtbi.2004.03.006)
551
34. McCormick JB, Webb PA, Krebs JW, Johnson KM,
552
Smith ES. 1987 A prospective study of the
553
epidemiology and ecology of lassa fever. J. Infect.
554
Dis. 155, 437– 444. (doi:10.1093/infdis/155.3.43)
555
35. Lo Iacono G et al. 2015 Using modelling to
556
disentangle the relative contributions of zoonotic
557Q4
and Anthroponotic transmission: the case of lassa
506

