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Ebola virus d one of the deadliest viral diseases, with a mortality rate around 90% d

damages the immune system and organs, with symptoms including episodic fever, chills,
malaise and myalgia. The Recombinant Vesicular Stomatitis Virus-based candidate vaccine
(rVSV-ZEBOV) has demonstrated clinical efficacy against Ebola in ring-vaccination clinical
trials. In order to evaluate the potential effect of this candidate vaccine, we developed risk
equations for the daily risk of Ebola infection both currently and after vaccination. The risk
equations account for the basic transmission probability of Ebola and the lowered risk due
to various protection protocols: vaccination, hazmat suits, reduced contact with the
infected living and dead bodies. Parameter space was sampled using Latin Hypercube
Sampling, a statistical method for generating a near-random sample of parameter values.
We found that at a high transmission rate of Ebola (i.e., if the transmission rate is greater
than 90%), a large fraction of the population must be vaccinated (>80%) to achieve a 50%
decrease in the daily risk of infection. If a vaccine is introduced, it must have at least 50%
efficacy, and almost everyone in the affected areas must receive it to effectively control
outbreaks of Ebola. These results indicate that a low-efficacy Ebola vaccine runs the risk of
having vaccinated people be overconfident in a weak vaccine and hence the possibility that
the vaccine could make the situation worse, unless the population can be sufficiently
educated about the necessity for high vaccine uptake.

© 2020 The Authors. Production and hosting by Elsevier B.V. on behalf of KeAi
Communications Co., Ltd. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Ebola is one of the deadliest viral diseases. The virus damages the immune system and organs, with symptoms including
episodic fever, chills, malaise and myalgia (Leroy et al., 2011). The disease was originally known as Ebola hemorrhagic fever,
due to bleeding inside and outside the body, but it is now referred to as Ebola virus (Feldmann & Geisbert, 2011). Ebola is a
member of the Filoviridae family, which comprises three genera: Cuevavirus, Ebolavirus and Marburgvirus (Wong & Wong,
2015). The genus Ebolavirus (EBOV) includes five species: Zaire, Sudan, Bundibugyo, Taï Forest and Reston. The first three
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strains cause the majority of diseases in humans (World Health Organization and Report of an International Commission,
1978). Both Taï Forest and Reston Ebola virus cause diseases in non-human primates, but infections in humans from these
strains are limited to one case of Taï Forest Ebola virus and largely asymptomatic infections with Reston Ebola virus (Coltart
et al., 2017).

Ebola virus is highly transmissible among humans by close and direct contact with infected blood, secretions, tissues,
organs and other bodily fluids from dead or living infected individuals (Bausch et al., 2007). The virus can survive in liquid or
dried material for many days (Piercy et al., 2010). The mortality rate is around 90 percent, and case-fatality rates have varied
from 25% to 90% in past outbreaks (Kadanali& Karagoz, 2015). Primates are also infectedwith Ebola viruses, although they are
likely to be infected by natural reservoir hosts (e.g., pigs, bats) (Wong & Wong, 2015). Primates represent important vectors
for the introduction of the disease into humans in rural Africa, and mortality in wild animals sometimes precedes human
outbreaks of the virus (Rouquet et al., 2005).

Two promising candidate vaccines from a pool of seven potential vaccines have been developed and evaluated through
clinical trials (Sameem & Dias, 2017). The most promising Ebola vaccine candidates are cAd3-ZEBOV, which successfully
passed through clinical trials and entered into Phase III trials, and the live-replicating rVSV-ZEBOV that has been validated to
be effective in Phase III clinical studies (Chowell & Nishiura, 2014). Recombinant Vesicular Stomatitis Virus (rVSV-ZEBOV) is
currently the only Ebola vaccine with demonstrated clinical efficacy in a ring-vaccination clinical trial (Levy et al., 2017). This
vaccine contains rVSV, a virus that causes disease in cattle, deer, horses and pigs but causes few problems in humans (Carney
& Weber, 2015). rVSV-ZEBOV is a recombinant, replication-competent vesicular stomatitis virus-based candidate vaccine in
which the VSV envelope glycoprotein was replaced with the Zaire strain ebolavirus (ZEBOV) glycoprotein (Carney & Weber,
2015). The genetically engineered VSV envelope expresses the homologous EBOV glycoprotein from the Zaire ebolavirus as
the immunogen in response to the Ebola virus (Sameem & Dias, 2017).

The second candidate vaccine is the Replication-defective recombinant chimpanzee adenovirus type 3 (cAd3-ZEBOV).
CAds are non-enveloped viruses, contrary to VSV-based vaccine vectors, meaning that the antigen is not present on the
surface of the vector but is expressed at high levels once the vector enters the target cells of the vaccinated individual
(Medaglini & Siegrist, 2017). The candidate cAd3-ZEBOV is a non-replicative vector-based Ebola vaccine (i.e., genes essential
for the life cycle of the vector virus are deleted to restrict the transcription and replication) that encodes the glycoprotein from
the Zaire ebolavirus (Burghardt et al., 2016). The chimpanzee adenovirus type 3 (ChAd3) is used as a carrier to deliver benign
genetic material of the Zaire strain (Henao-Restrepo et al., 2017).

Among the many studies on Ebola virus, we note two recurring goals of most computational models: quantifying the
effects of possible interventions on the incidence rate (Takaidza et al., 2017) and developing predictive models to estimate the
total number of infected cases, the reproduction number, the number of deaths and the duration of outbreaks (Althaus, 2014;
Do & Lee, 2016). Some other studies focus on examining assumptions about how the disease spreads, such as uniform
transmissibility vs. homogeneous mixing within a population (Burghardt et al., 2016). There are also several studies with the
common goal of understanding the impact of public-health initiatives on the dynamics of an outbreak and control of the virus
(Chowell & Nishiura, 2014; Levy et al., 2017). Those studies often analyze the role of behavior change induced by health
education or use consumer-centric models of public-health intelligence (Carney & Weber, 2015; Levy et al., 2017).

Other models of Ebola have focused on interventions such as quarantine, distribution of household kits, Emergency
Treatment Care (ETC) expansion and accelerating case tracking. Lewnard et al. suggested that the existing ETC capacity
necessary to decrease the severity of the current outbreak was impractical (Lewnard et al., 2014). Legrand et al. provided a
stochastic compartmental model incorporating transmission in the community, in the hospital and during burial ceremonies
in order to suggest where interventions are best suited (Legrand et al., 2007). Rivers et al. (Rivers et al., 2014) investigated the
efficiency of increased contact tracing, improved infection-control practices and a hypothetical pharmaceutical intervention
to improve survival of hospitalised patients aimed at reducing the reproduction number of the Ebola virus. Chowell et al.
(Chowell et al., 2004) used an SEIR model to determine R0, the final size of the epidemic and performed a sensitivity analysis,
showing that education and contact tracing with quarantine would reduce the epidemic by a factor of 2. Fisman et al. (Fisman
et al., 2014) used a two-parameter model to determine the degree to which the epidemic was being controlled, finding only
weak control in West Africa as of the end of August 2014 and essentially no control in Liberia. Webb and Browne (Webb &
Browne, 2016) developed an age-structured model, tracking disease age through initial incubation, followed by an infec-
tious phase with variable transmission infectiousness. Browne et al. (Browne et al., 2015) showed that, if contact tracing was
perfect, then the critical proportion of contacts that need to be traced could be derived. Bartlett et al. (Bartlett et al., 2016)
utilized a discrete-time model to represent the clinical progression of the Ebola virus and estimate the number of infections
and deaths in Sierra Leone. Waife et al. (Waife et al., 2017) used sensitivity analysis to show that an Ebola vaccine could be
effective if contact rates with unvaccinated individuals could be sufficiently lowered.

Risk equations have been used to determine contributingmorbidity andmortality factors for a variety of infections, such as
heart disease (Muntner et al., 2014), kidney failure (Tangri et al., 2016), diabetes (Simmons et al., 2009) and HIV (Petoumenos
et al., 2014). Per-day risk equations to assess the potential effect of treatment have been used for vaginal microbicides as a
potential HIV prophylaxis (Smith et al., 2005). Although the use of such equations in infectious disease modelling is relatively
906
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new, this kind of risk assessment has become an accepted component of clinical guidelines and recommendations in car-
diovascular medicine, for example (Knobel et al., 2007).

Our aim in this paper is to determine the daily risk of Ebola infection during an epidemic, both before and after a potential
vaccination using daily risk equations. We address the following research questions: 1. Could vaccination result in a net
increase in risk? 2. Can we determine conditions that optimize vaccine efficacy? 3. Which is more important to maximise,
vaccination efficacy or use?
2. The model

In order to evaluate the potential effect of vaccination, we develop risk equations for the daily risk of Ebola infection both
currently and after vaccination. When hazmat suits, reduced contact with the living or dead or vaccination is employed, the
probability that Ebola is transmitted is reduced from the probability b to b0 (where b0 < b). We have modelled single exposure
events, and thus the transmission probability of each event is significantly less than the transmission probability over the
duration of the outbreak. If b0 is the probability of transmission during a single exposure event with a given protection type
(hazmat suit, reduced contact, vaccination, any combination thereof, or no protection), then the probability of remaining
uninfected during a single exposure event is (1� b0). The probability of remaining uninfected after N exposure events is thus
(1� b0)N. Thus the probability of Ebola infection for an individual is

Risk ¼ 1�
Y

all protection

options

i

½1� b0�pi ;

where pi is the proportion of times a given protection protocol is employed (including no protection).
The risk equations account for the basic transmission probability of Ebola (b), the lowered risk due to various protection

protocols: hazmat suits (eh), reduced contact with the infected living (ecI ), vaccination (ev) and reduced contact with dead
bodies (ecD ). We denote the use of no protection by 1� b. Our risk equations also include the proportions of use (individually
or in combination) of these protection protocols. We denote these proportions by pi if applied before vaccination and qi if
applied after. The proportion of use of all protection types sums to 1 in each case.

Since Ebola is a pervasive disease with extreme transmission rates, we focus our analysis on the higher range of trans-
missibility; i.e., when the basic risk of transmission (b) is between 0.5 and 1. As the exact transmission rate of the virus is still
unknown, we have modelled low (50e55%), moderate (70e75%) and high (90e95%) levels of transmissibility to analyze how
the performance of different protection protocols can change across these levels of transmission.

Currently (when the only protection protocols are to reduce contact with the infected living and dead (ecI , ecD ), hazmat
suits (eh) and no protection (1� b)), the daily risk of contamination for a susceptible individual is

r1 ¼ 1� ½1� ð1� ecDÞb�p0 ½1� ð1� ecIÞb�p1 ½1� ð1� ehÞb�p2

½1� ð1� ecDÞð1� ecIÞb�p3 ½1� ð1� ecDÞð1� ehÞb�p4 ½1� ð1� ecIÞð1� ehÞb�p5

½1� ð1� ecIÞð1� ecDÞð1� ehÞb�p6

½1� b�1�p0�p1�p2�p3�p4�p5�p6 ;

where p0, p1, p2, p3, p4, p5 and p6 are the proportions of use of protection protocols outlined in Table 1.
Post-vaccine (when the available protection protocols are vaccination (ev), reduced contact with the infected living and

dead (ecI , ecD ), hazmat suits (eh) and no protection (1� b)), the daily risk of contamination is

r2 ¼ 1� ½1� ð1� ecDÞb�q0 ½1� ð1� ecIÞb�q1 ½1� ð1� ehÞb�q2
½1� ð1� ecDÞð1� ecIÞb�q3 ½1� ð1� ecDÞð1� ehÞb�q4 ½1� ð1� ecIÞð1� ehÞb�q5

½1� ð1� ecIÞð1� ecDÞð1� ehÞb�q6
½1� ð1� evÞb�q7 ½1� ð1� evÞð1� ecIÞb�q8 ½1� ð1� evÞð1� ehb�q9 ½1� ð1� evÞð1� ecDÞb�q10

½1� ð1� evÞð1� ecDÞð1� ehÞb�q11 ½1� ð1� evÞð1� ecIÞð1� ehÞb�q12
½1� ð1� evÞð1� ecDÞð1� ecIÞb�q13

½1� b�
1�

P13
i¼0

qi
;

where q0, q1, …, q13 are the proportions of use of protection protocols available after the vaccine is introduced. Parameter
values are given in Table 1.

Initially, we assumed a uniform use of all protection protocols available (including using no protection). There are eight
possible combinations of protection protocols: p0 through p6 and the fraction of people using no protection
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Table 1
Parameter values before and after vaccine introduction. We assumed a uniform use of all available protection protocols (including no protection) before the
vaccine. Thus, there are eight possible combinations of protection protocols: p0 through p6 and no protection (1� p0� p1� p2� p3� p4� p5� p6). The upper
bound of the range of values for each proportion is equal to 0.125. After the introduction of a vaccine, we considered the extreme case where vaccinationwas
the only available protection protocol (0< q7< 1) and that the vaccine was at least 35% effective.

Parameter Definition Range

b Transmissibility 0.5e1
ecI Reduced contact with the infected living 0e1
ecD Reduced contact with the dead 0e1
eh Hazmat suit 0e1
ev Vaccine efficacy 0.35e1
p0 Fraction of people reducing contact with dead bodies 0e0.125
p1 Fraction of people reducing contact with the infected living 0e0.125
p2 Fraction of people using hazmat suits 0e0.125
p3 Fraction of people reducing contact with the infected living and dead bodies 0e0.125
p4 Fraction of people using hazmat suits and reducing contact with dead bodies 0e0.125
p5 Fraction of people using hazmat suits and reducing contact with the infected living 0e0.125
p6 Fraction of people using hazmat suits and reducing contact with the infected living and dead bodies 0e0.125
q0 Fraction of people reducing contact with dead bodies 0
q1 Fraction of people reducing contact with the infected living 0
q2 Fraction of people using hazmat suits 0
q3 Fraction of people reducing contact with the infected living and dead bodies 0
q4 Fraction of people using hazmat suits and reducing contact with dead bodies 0
q5 Fraction of people using hazmat suits and reducing contact with the infected living 0
q6 Fraction of people using hazmat suits and reducing contact with the infected living and dead bodies 0
q7 Fraction of people using the vaccine 0e1
q8 Fraction of people using the vaccine and reducing contact with the infected living 0
q9 Fraction of people using the vaccine and wearing hazmat suits
q10 Fraction of people using the vaccine and reducing contact with dead bodies 0
q11 Fraction of people using the vaccine, wearing hazmat suits and reducing contact with dead bodies 0
q12 Fraction of people using the vaccine, wearing hazmat suits and reducing contact with the infected living 0
q13 Fraction of people using the vaccine and reducing contact with dead bodies and the infected living 0
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(1� p0� p1� p2� p3� p4� p5� p6). As such, the upper bound of the range of values for each proportion is set to 0.125 (see
Table 1).

By equating the current daily risk of contracting the disease, r1, and the daily risk after the introduction of the vaccine, r2,
we obtain an analytical expression for the threshold level of vaccine efficacy and use that would be necessary to induce a net
decrease in the daily risk of infection:

r* ¼ ½1� ð1� ecdÞb�q0�p0 ½1� ð1� ecIÞb�q1�p1 ½1� ð1� ehÞb�q2�p2

½1� ð1� ecdÞð1� ecIÞb�q3�p3 ½1� ð1� ecdÞð1� ehÞb�q4�p4 ½1� ð1� ecIÞð1� ehÞb�q5�p5

½1� ð1� ecIÞð1� ecdÞð1� ehÞb�q6�p6

½1� ð1� evÞb�q7 ½1� ð1� evÞð1� ecIÞb�q8 ½1� ð1� evÞð1� ehÞb�q9 ½1� ð1� evÞð1� ecdÞb�q10
½1� ð1� evÞð1� ecdÞð1� ehÞb�q11 ½1� ð1� evÞð1� ecIÞð1� ehÞb�q12

½1� ð1� evÞð1� ecdÞð1� ecIÞb�q13

½1� b�
P6
i¼0

pi�
P13
i¼0

qi
Note that qi� pi (i¼ 0, 1, …, 6) and the exponent
P6

i¼0pi �
P13

i¼0qi may be negative.
The risk ratio r* serves as a threshold indicatingwhen the introduction of a vaccine can improve the situation. In particular,

r* provides information on the levels of vaccine efficacy and use needed to reduce the daily risk of contamination. The
benchmark value for r* is 1. At this value, the risk before the vaccine is identical to the risk after vaccination of catching Ebola,
which means that the introduction of a vaccine has no effect on the daily risk of infection. The vaccine will be favorable if r* >
1 and detrimental (i.e., increase the daily risk) if r* < 1.

We evaluated the impact of potential vaccination using Latin Hypercube Sampling (LHS) and partial rank correlation
coefficients (PRCCs) to explore the sensitivity of the daily risk of infection to parameter variations. LHS is a statistical sampling
method that generates a quasi-random sampling distribution. It allows for an efficient analysis of parameter variations across
simultaneous uncertainty ranges in each parameter (Blower & Dowlatabadi, 1994; Blower et al., 2001). PRCCs rank each
parameter by the amount of effect on the outcome, regardless of whether that effect is positive or negative (Blower &
Dowlatabadi, 1994). We performed an uncertainty analysis using Monte Carlo simulations and multivariate sensitivity
analysis to analyze our risk equations. We computed the risk over a wide parameter space to assess the variability of our
dependent variable (risk per day of catching Ebola r1 or r2), using LHS to sample parameter space. Finally, we evaluated the
potential risk-reduction effect of vaccination depending on the fraction of vaccinated people.
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Fig. 1. PRCCs before vaccine introduction for low (50e55%), moderate (70e75%) and high (90e95%) levels of transmissibility. The outcome variable is the daily
risk of infection before vaccination, r1.
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3. Results

A candidate vaccine will be beneficial (i.e., decrease the daily risk of infection) if the risk of transmission after the
introduction of the vaccine is lower than the current risk. To show which parameters the daily risk is most sensitive to, we
used plots of PRCCs for each of the independent parameters. Parameters with PRCC >0 increase a susceptible's daily risk as the
parameter value increases, whereas parameters with PRCC <0 decrease a susceptible's daily risk as the parameter value
increases.

Fig. 1 illustrates the degree of sensitivity of the daily risk of infection before the vaccine is introduced. At relatively low
transmissibility levels, reducing contact with infected individuals (ecI ) is the most effective alternative to decrease the daily
risk of infection. When the rate of transmission is moderate and there is no vaccine, wearing hazmat suits and reducing
contact with the dead has a better protective impact. As the transmission rate rises, a higher proportion of use of those
909



Fig. 2. Sensitivity of the daily risk of Ebola to transmission rates when the only protection protocol available is the vaccine. The red dots represent the current
daily risk of infection while the blue dots represent the post-vaccine daily risk of contamination. The proportional vaccine uptake q7 ranges from 0 to 1 and the
transmission rate b is between 0.9 and 0.95.
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protection protocols becomes necessary. When the transmission probability is high and there is no vaccine available, all
protection protocols are similar in terms of their efficacy, but none has a substantial effect on protecting against the virus. It is
here that the introduction of a vaccine will benefit populations at risk the most.

The remainder of our focus is on the case of high transmissibility when b ranges from 90% to 95%. We analysed the impact
of a potential vaccine with efficacy that ranged frommoderate to high (ev ranges from 0.35 to 1). Fig. 2 illustrates the effect of
the transmission rate (b) on the post-vaccination daily risk of infection (r2) when susceptibles use the vaccine as their sole
protection protocol. The proportion of vaccine use q7 ranges from0 to 1 (see Table 1). The red dots represent the current risk of
infection, and the blue dots represent the risk after vaccination. As shown in Fig. 2, introducing the vaccine could result in one
of two outcomes: in some cases, the vaccine may reduce the risk of contamination, but in others, we run the risk of having
more cases following the introduction of an Ebola vaccine. As the outcome is uncertain, it is important to understand which
variables play a role in effectively decreasing the risk of infection and what levels are needed for these parameters. Fig. 3
shows that a large fraction of the populationmust be vaccinated (>80%) to achieve a 50% decrease in the daily risk of infection.

Fig. 4 illustrates the ideal situation where everyone in an area at risk gets vaccinated. In this case, q7¼1. At any level of
transmissibility, the daily risk of catching Ebola is significantly less thanwithout the vaccine. A strong vaccine (>50% efficacy)
leads to a 50% decrease in the daily risk of Ebola if everyone receives it. We can reasonably infer that, with an effective
vaccination campaign and more awareness about how Ebola is transmitted, we can reach a stage of disease control if the
vaccine is not too weak.

Fig. 5 illustrates three scenarios: currently (no vaccine), the vaccine being the sole protection protocol available (no
protection is also an option) and with the vaccine being the only protection protocol used by everyone. Without a vaccine, the
daily risk of infection r1 remains above 80%. In the second scenario, the candidate vaccine is introduced, and people who
initially used a protection protocol now replace it with the vaccine, while those who have not used protection continue to do
so. The median post-vaccine risk of infection r2 is less than 80% in this case. However, the range of r2 is wide (0%� r2� 97%),
which implies a high volatility in the daily risk. In the third scenario, the ideal case of absolute vaccine uptake, the median per
day-risk r2 drops to 30%, ranging from 0 to 60%, a net decrease from the initial risk r1 of 80% and a decrease in volatility. This
indicates that a high rate of vaccine uptake would be required to continuously maintain the risk of infection below its current
value.

Fig. 6 shows PRCCs of the parameters that affect r*. For general vaccine uptake, the fraction of peoplewho get vaccinated q7
is the only variable that has a significant impact on r* (Fig. 6(a)). When the vaccine uptake is high (0.7� q7�1), Fig. 6(b)
shows that the transmission probability b and vaccine efficacy ev affect r* significantly. Fig. 7 shows that there is a threshold
whereby the fraction of people who use the vaccine (q7) is guaranteed to increase the risk is if it sufficiently low (<25%) but
guaranteed to decrease the risk if it is sufficiently high (>70%), regardless of the protective behavior or lack thereof.

If a vaccine is introduced, it must have at least 50% efficacy, and at least 70% of people in the affected areas must receive it
to start seeing an effective reduction in the risk of disease. To halve and control the risk of an Ebola outbreak, at least 80% of
people need to be vaccinated with a vaccine that is at least 50% effective. Vaccine uptake has a stronger impact on disease
control than vaccine efficacy.

Finally, we examined some possibilities for parameter ranges beyond the ranges given in Table 1. In particular, we con-
strained the eight pre-vaccination proportions as 0� pj� 0.125 in order to consider all protection protocols equally. However,
910



Fig. 3. Sensitivity of the daily risk of Ebola to the effectiveness of the vaccine ev, its proportion of use q7 and the fraction of people not using any protection. The
proportional vaccine uptake q7 varies from 0 to 1, and vaccination is the only available protection protocol. The transmission rate b is between 0.9 and 0.95.
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in order to stress test this, we examined three potential scenarios: (a) in the absence of hazmat suits, (b) if contact with the
living was unchanged and (c) if contact with the dead was unchanged. These possibilities may arise if hazmat suits are not
available, if people fail to follow social distancing or if funeral practices are unchanged. Note that the absence of a protection
protocol also implies its absence in any combination protocol. Thus, for (a), we not only have p2¼ 0 but also p4¼ p5¼ p6¼ 0,
and we increased the range of the remaining protection protocols to 0� p0, p1, p3� 0.333.

The results are illustrated in Fig. 8. In the absence of hazmat suits, the most significant protocol is p3, the fraction of people
reducing contact with the infected living and dead bodies. The next most significant parameters are ecI and ecD , the effec-
tiveness of contact reductions with the living and the dead, respectively. That is, in the absence of hazmat suits, the com-
bination of remaining protection protocols becomes crucial. Likewise, if contact with the living is unchanged, then the most
significant parameter is p4, the fraction of people who use hazmat suits and reduce contact with the dead, followed by the
efficacies of these two protection protocols. Finally, if contact with the dead is unchanged, then p5, the fraction of people who
911



Fig. 4. Sensitivity of the daily risk of Ebola to transmission rates and vaccine efficacy when all susceptible individuals get vaccinated. The red dots represent the current risk of infection while the blue dots represent the
post-vaccine risk of Ebola. This is an ideal case, and the proportion of use of the vaccine q7 is set to 1. The transmission rate b is between 0.9 and 0.95.
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Fig. 5. Boxplots of 1000 sampled values using the LHS ranges from Table 1. The horizontal red line indicates the median value. We present the daily risk of Ebola
under three scenarios: before the vaccine, imperfect vaccine uptake (0< q7< 1) and perfect vaccine use (q7¼1).

S.M.C. Abo, R. Smith? Infectious Disease Modelling 5 (2020) 905e917
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Fig. 6. PRCCs for parameters that affect r*. (a) The case for general vaccine uptake (0< q7< 1). (b) The case for high vaccine uptake (0.7< q7< 1). The transmission
rate b is between 0.5 and 1.

Fig. 7. Sensitivity of the threshold level r* to (a) the fraction of people using the vaccine q7 and (b) the fraction of people not using any protection. The
transmission rate b is between 0.5 and 1. Inset: the range q7 > 70% that guarantees risk reduction.

S.M.C. Abo, R. Smith? Infectious Disease Modelling 5 (2020) 905e917
use hazmat suits and reduce contact with the living, becomes the most significant parameter, followed by the efficacies of
these two protection protocols.
4. Discussion

According to our results, the parameters with the greatest effect on the Ebola epidemic are the transmission probability
(b), the fraction of people using the vaccine (q7), vaccine efficacy (ev), reducing contact with dead bodies (ecD ) and wearing
hazmat suits (eh). The increased risk due to dead bodies is likely due to the fact that infectious dead bodies remain in-
fectious for up to a week after death (Prescott et al., 2015). Safe burial methods enforced by the US Centers for Disease
Control (CDC) have proven useful in reducing case incidence rates and hence transmissibility (Nielsen et al., 2015). The
transmission probability is the most influential parameter in our risk equations. Our results indicate that any efforts to
reduce this transmission, such as a vaccine, would have a significant effect on reducing the overall epidemic if populations
can be sufficiently educated about the necessity for high vaccine uptake. In the absence of a vaccine, we also showed that if
914



Fig. 8. PRCCs for some possibilities outside the ranges in Table 1: (a) the absence of hazmat suits, (b) when contact with the living infected is unchanged and (c)
when contact with dead bodies is unchanged. In each case, the most significant influence on the outcome is the combination of the remaining protection
protocols, followed by the efficacies of those remaining protection protocols.
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one of the protection protocols is not followed, then the combination of the remaining protection protocols becomes
crucial.

Several interventions have already been used to reduce the spread of Ebola including extensive awareness campaigns
meant to educate susceptible individuals on transmission, symptoms and health risks of the disease. Quarantine of in-
dividuals found through aggressive contact tracing and isolation of infected individuals while they are treated have also been
effectivemethods to reduce the daily risk of infection (Bausch et al., 2007). The CDC has employed safe burial teams, which are
tasked with safely burying corpses (Nielsen et al., 2015). This results in less contact between susceptible individuals and
infected dead bodies. There have been recent trials for an Ebola vaccine, some of which have been promising (Chowell &
Nishiura, 2014). An excellent vaccine would reduce the case incidence rate; however, a reasonably good vaccine that can
be administered to most people would likely lower the transmissibility and help to control disease spread.
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Our model has several limitations, which should be acknowledged. Initially, before a vaccine is introduced, we assumed a
uniform use of all protection protocols available, including using no protection, which may not hold as populations become
more aware of the disease and adjust their protective behaviours. We assumed the same transmission probability for the
living and dead, which may not be true.

After the recent outbreak in West Africa, efforts to develop an effective vaccine against the Ebola Virus Disease have
increased. We have shown that a vaccine can control the epidemic, evenwhen transmission rates are high (above 90%). We
found that at a high transmission rate of Ebola, a large fraction of the population must be vaccinated (>80%) to achieve a
50% decrease in the daily risk of infection. If a vaccine is introduced, it must have at least 50% efficacy, and almost everyone
in the affected areas must receive it to effectively control outbreaks of Ebola. These results indicate that a low-efficacy Ebola
vaccine runs the risk of having vaccinated people be overconfident in a weak vaccine and hence the possibility of the
vaccine making the situation worse, unless the population can be sufficiently educated about the necessity for high
vaccination rates.

The question of how effective and widely distributed a vaccine needs to be to have a beneficial impact on public health
extends far beyond the application to Ebola. Given the economic costs and personal inconvenience of themitigation strategies
in use for COVID-19, for example, many of the existing strategies may end once a vaccine becomes available. Hence, more
modelling along these lines will provide further insights to other infectious diseases.

Declaration of competing interest

We have no conflict of interest.

Acknowledgements

RS? is supported by an NSERC Discovery Grant. For citation purposes, please note that the question mark in “Smith?” is
part of his name.

References

Althaus, C. L. (2014). Estimating the reproduction number of Ebola virus (EBOV) during the 2014 outbreak in West Africa. PLOS Currents Outbreaks, 6.
Bartlett, J., Devinney, J., & Pudlowski, E. (2016). Mathematical modeling of the 2014/2015 Ebola epidemic in West Africa. SIAM Undergraduate Research

Online, 9, 87e102.
Bausch, D., Towner, J., Dowell, S., Kaducu, F., Lukwiya, M., Sanchez, A., Nichol, S., Ksiazek, T., & Rollin, P. (2007). Assessment of the risk of Ebola virus

transmission from bodily fluids and fomites. The Journal of Infectious Diseases, 196(S2), 142e147.
Blower, S. M., Aschenbach, A. N., Gershengorn, H. B., & Kahn, J. O. (2001). Predicting the unpredictable: Transmission of drug-resistant HIV. Nature Medicine,

7, 1016e1020.
Blower, S. M., & Dowlatabadi, H. (1994). Sensitivity and uncertainty analysis of complex models of disease transmission: An HIV model, as an example.

International Statistical Review, 2, 229e243.
Blower, S. M., Gershengorn, H. B., & Grant, R. M. (2000). A tale of two futures: HIV and antiretroviral therapy in san francisco. Science, 287, 650e654.
Browne, C., Gulbudak, H., & Webb, G. (2015). Modeling contact tracing in outbreaks with application to Ebola. Journal of Theoretical Biology, 384, 33e49.
Burghardt, K., Verzijl, C., Huang, J., Ingram, M., Song, B., & Hasne, M. (2016). Testing modeling assumptions in the West Africa Ebola outbreak. Scientific

Reports, 6(1). Article 34598.
Carney, T. J., & Weber, D. J. (2015). Public health intelligence: Learning from the Ebola crisis. American Journal of Public Health, 105(9), 1740e1744.
Chowell, G., Hengartner, N. W., Castillo-Chavez, C., Fenimore, P. W., & Hyman, J. M. (2004). The basic reproductive number of Ebola and the effects of public

health measures: The cases of Congo and Uganda. Journal of Theoretical Biology, 229, 119e126.
Chowell, G., & Nishiura, H. (2014). Transmission dynamics and control of Ebola virus disease (EVD): A review. BMC Medicine, 12(1), 196.
Coltart, C. E. M., Lindsey, B., Ghinai, I., Johnson, A. M., & Heymann, D. L. (2017). The Ebola outbreak, 2013e2016: Old lessons for new epidemics. Philosophical

Transactions of the Royal Society B: Biological Sciences, 372(1721). Article 20160297.
Do, T. S., & Lee, Y. S. (2016). Modeling the spread of Ebola. Osong Public Health and Research Perspectives, 7(1), 43e48.
Feldmann, H., & Geisbert, T. W. (2011). Ebola haemorrhagic fever. The Lancet, 377(9768), 849e862.
Fisman, D., Khoo, E., & Tuite, A. (2014). Early epidemic dynamics of the West African 2014 Ebola outbreak: Estimates Derived with a simple two-parameter

model. PLoS Currents, 6.
Henao-Restrepo, A. M., Camacho, A., Longini, I. M., Watson, C. H., Edmunds, W. J., Egger, M., et al. (2017). Efficacy and effectiveness of an rVSV-vectored

vaccine in preventing Ebola virus disease: Final results from the Guinea ring vaccination, open-label, cluster-randomised trial (Ebola Ça Suffit!). The
Lancet, 389(10068), 505e518.

Kadanali, A., & Karagoz, G. (2015). An overview of Ebola virus disease. Northern Clinics of Istanbul, 2(1), 81e86.
Knobel, H., Jerico, C., Montero, M., Sorli, M. L., Velat, M., Guelar, A., Saballs, P., & Pedro-Botet, J. (2007). Global cardiovascular risk in patients with HIV

infection: Concordance and differences in estimates according to three risk equations (framingham, SCORE, and PROCAM). AIDS Patient Care and STDs,
21(7), 452e457.

Legrand, J., Grais, R. F., Boelle, P. Y., Valleron, A. J., & Flahault, A. (2007). Understanding the dynamics of Ebola epidemics. Epidemiology and Infection, 135,
610e621.

Leroy, E., Gonzalez, J., & Baize, S. (2011). Ebola and Marburg haemorrhagic fever viruses: Major scientific advances, but a relatively minor public health
threat for Africa. Clinical Microbiology and Infections, 17(7), 964e976.

Levy, B., Edholm, C., Gaoue, O., Kaondera-Shava, R., Kgosimore, M., Lenhart, S., Lephodisa, B., Lungu, E., Marijani, T., & Nyabadza, F. (2017). Modeling the role
of public health education in Ebola virus disease outbreaks in Sudan. Infectious Disease Modelling, 2(3), 323e340.

Lewnard, J. A., Mbah, M. L. N., Alfaro-Murillo, J. A., Altice, F. L., Bawo, L., Nyenswah, T. G., & Galvani, A. P. (2014). Dynamics and control of Ebola virus
transmission in Montserrado, Liberia: A mathematical modelling analysis. The Lancet Infectious Diseases, 12, 1189e1195.

Medaglini, D., & Siegrist, C. (2017). Immunomonitoring of human responses to the rVSV-ZEBOV Ebola vaccine. Current Opinion in Virology, 23, 88e94.
Muntner, P., Colantonio, L. D., Cushman, M., Goff, D. C., Howard, G., Howard, V. J., Kissela, B., Levitan, E. B., Lloyd-Jones, D. M., & Safford, M. M. (2014).

Validation of the atherosclerotic cardiovascular disease Pooled Cohort risk equations. Jama, 311(14), 1406e1415.
Nielsen, C. F., Kidd, S., Sillah, A. R., Davis, E., Mermin, J., & Kilmarx, P. H. (2015). Improving burial practices and cemetery management during an Ebola virus

disease epidemic e Sierra Leone, 2014. MMWR. Morbidity and Mortality Weekly Report, 64(1), 20e27.
916

http://refhub.elsevier.com/S2468-0427(20)30057-9/sref1
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref2
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref2
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref2
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref3
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref3
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref3
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref4
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref4
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref4
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref5
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref5
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref5
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref6
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref6
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref7
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref7
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref8
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref8
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref9
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref9
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref10
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref10
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref10
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref11
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref12
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref12
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref12
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref13
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref13
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref14
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref14
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref15
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref15
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref16
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref16
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref16
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref16
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref17
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref17
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref18
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref18
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref18
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref18
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref19
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref19
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref19
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref20
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref20
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref20
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref21
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref21
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref21
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref22
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref22
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref22
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref25
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref25
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref26
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref26
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref26
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref27
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref27
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref27
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref27


S.M.C. Abo, R. Smith? Infectious Disease Modelling 5 (2020) 905e917
Petoumenos, K., Reiss, P., Ryom, L., Rickenbach, M., Sabin, C. A., El?Sadr, W., d'Arminio Monforte, A., Phillips, A. N., De Wit, S., Kirk, O., & Dabis, F. (2014).
Increased risk of cardiovascular disease (CVD) with age in HIV?positive men: A comparison of the D: A: D CVD risk equation and general population
CVD risk equations. HIV Medicine, 15(10), 595e603.

Piercy, T., Smither, S., Steward, J., Eastaugh, L., & Lever, M. (2010). The survival of filoviruses in liquids, on solid substrates and in a dynamic aerosol. Journal of
Applied Microbiology, 1531e1539.

Prescott, J., Bushmaker, T., Fischer, R., Miazgowicz, K., Judson, S., & Minster, V. J. (2015). Postmortem stability of Ebola virus. Emerging Infectious Diseases,
21(5), 856e859.

Rivers, C. M., Lofgren, E. T., Marathe, M., Eubank, S., & Lewis, B. L. (2014). Modeling the impact of interventions on an epidemic of Ebola in Sierra Leone and
Liberia. PLoS Currents Outbreaks, 6.

Rouquet, P., Froment, J., Bermejo, M., Kilbourn, A., Karesh, W., Reed, P., Kumulungui, B., Yaba, P., Dlicat, A., Rollin, P. E., & Leroy, E. M. (2005). Wild animal
mortality Monitoring and human Ebola outbreaks, Gabon and Republic of Congo, 2001e2003. Emerging Infectious Diseases, 11(2), 283e290.

Sameem, R., & Dias, S. (2017). Ebola virus: Promising vaccine candidates. Vaccination Research, 1(1), 33e38.
Simmons, R. K., Coleman, R. L., Price, H. C., Holman, R. R., Khaw, K. T., Wareham, N. J., & Griffin, S. J. (2009). Performance of the UK prospective diabetes study

risk engine and the Framingham risk equations in estimating cardiovascular disease in the EPIC-Norfolk cohort. Diabetes Care, 32(4), 708e713.
Smith, R. J., Bodine, E., Wilson, D., & Blower, S. M. (2005). Evaluating the potential impact of vaginal microbicides in reducing the risk of HIV acquisition in

female sex workers. AIDS, 19, 423e431.
Takaidza, I., Makinde, O. D., & Okosun, O. K. (2017). Computational modelling and optimal control of Ebola virus disease with non-linear incidence rate.

Journal of Physics: Conference Series, 818(1). Article 012003.
Tangri, N., Grams, M. E., Levey, A. S., Coresh, J., Appel, L. J., Astor, B. C., Chodick, G., Collins, A. J., Djurdjev, O., Elley, C. R., & Evans, M. (2016). Multinational

assessment of accuracy of equations for predicting risk of kidney failure: A meta-analysis. Jama, 315(2), 164e174.
Waife, S., Veilleux-Gravel, E., & Smith?, R. (2017). Using Sensitivity analysis to examine the effects of an Ebola vaccine. Proceedings of the SummerSim-SCSC

2017 conference, 61e72.
Webb, G., & Browne, C. (2016). A model of the Ebola epidemics in West Africa incorporating age of infection. Journal of Biological Dynamics, 10, 18e30.
Wong, S. S., & Wong, S. C. (2015). Ebola virus disease in nonendemic countries. Journal of the Formosan Medical Association, 114(5), 384e398.
World Health Organization, & Report of an International Commission. (1978). Ebola haemorrhagic fever in Zaire, 1976. Bulletin of the World Health Orga-

nization, 56(2), 271e293.
917

http://refhub.elsevier.com/S2468-0427(20)30057-9/sref28
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref28
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref28
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref28
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref29
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref29
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref29
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref30
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref30
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref30
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref31
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref31
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref32
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref32
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref32
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref32
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref33
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref33
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref35
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref35
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref35
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref36
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref36
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref36
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref37
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref37
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref38
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref38
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref38
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref39
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref39
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref39
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref41
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref41
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref43
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref43
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref44
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref44
http://refhub.elsevier.com/S2468-0427(20)30057-9/sref44

	Modelling the daily risk of Ebola in the presence and absence of a potential vaccine
	1. Introduction
	2. The model
	3. Results
	4. Discussion
	Declaration of competing interest
	Acknowledgements
	References


