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Abstract
Background: Highly successful strategies to make populations more resilient to
infectious diseases, such as childhood vaccinations programs, may nonetheless lead to
unpredictable outcomes due to the interplay between seasonal variations in
transmission and a population’s immune status.
Methods: Motivated by the study of diseases such as pertussis we introduce a
seasonally-forced susceptible-infectious-recovered model of disease transmission with
waning and boosting of immunity. We study the system’s dynamical properties using a
combination of numerical simulations and bifurcation techniques, paying particular
attention to the properties of the initial condition space.
Results: We find that highly unpredictable behaviour can be triggered by changes in
biologically relevant model parameters such as the duration of immunity. In the
particular system we analyse — previously used in the literature to study pertussis
dynamics — we identify the presence of an initial-condition landscape containing three
coexisting attractors. The system’s response to interventions which perturb population
immunity (e.g. vaccination “catch-up” campaigns) is therefore difficult to predict.
Conclusion: Given the increasing use of models to inform policy decisions regarding
vaccine introduction and scheduling and infectious diseases intervention policy more
generally, our findings highlight the importance of thoroughly investigating the
dynamical properties of those models to identify key areas of uncertainty. Our findings
suggest that the often stated tension between capturing biological complexity and
utilising mathematically simple models is perhaps more nuanced than generally
suggested. Simple dynamical models, particularly those which include forcing terms,
can give rise to incredibly complex behaviour.
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Introduction
Simple dynamical models of infectious disease have helped explain the spectacular
success of childhood immunisation programs, yielded valuable insights into complex
epidemiological phenomena [1-3] and contributed to public health policy development
[4-10]. In particular, Earn et al. demonstrated that transitions from predictable to unpredictable, and potentially chaotic, behaviour for childhood diseases such as measles may
© 2014 Dafilis et al.; licensee BioMed Central Ltd. This is an Open Access article distributed under the terms of the Creative
Commons Attribution License (http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work is properly credited. The Creative Commons Public Domain Dedication
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arise naturally from changes in birth rates and/or vaccination schedules [3]; while Lavine
et al. demonstrated that under a hypothesis whereby immunity to pertussis is maintained
through regular exposure to infectious individuals, childhood vaccination may induce,
rather than suppress, periodic oscillations in the incidence of disease [11], and possibly result in co-existing dynamical regimes (multistability). Recently, we have examined
the behaviour of the model used by Lavine et al. and demonstrated that similarly complex patterns of infection may arise even in the absence of vaccination. In particular, we
demonstrated that changes in the birth-rate, as naturally occurred with the 20th Century
demographic transition in Western populations, may have transitioned the dynamical system from one in which endemic steady-state dynamics existed to one in which
sustained (undamped) oscillations and multistability may characterise the system [12].
Our study [12] as well as those by Earn and Lavine indicate that the predicted broadbrush characteristic behaviours of infectious diseases in the human population depend
critically upon the assumed mechanism(s) of i) infection; ii) the development and maintenance of immunity; iii) the (changing) demographic state of the population; and iv) the
particular form of the equations used to model the underlying dynamical system.
It is well understood that the infectiousness of many diseases varies over the course of
the year — as a result of numerous factors including the effects of temperature and humidity on the survival of the pathogen and the influence of weather on human behaviour
[13-15]. It follows that for many infectious disease studies it is appropriate to include
a ‘seasonal-forcing’ term that periodically modulates the intensity of the transmission
process [3,16,17]. It is also well known that subjecting a dynamical system to an external driving force has the potential to induce complex and likely chaotic behaviour in
what were previously ‘well-behaved’ predictable dynamical systems [17-19]. In a recent
study [20] we examined the complicated dynamical behaviour arising from a seasonallyforced extension to the model [11,12] previously used to consider pertussis dynamics. We
characterised the dynamics of infection as a function of demographic parameters (birth
and death rates), the strength of immune boosting and the strength of seasonal-forcing.
We described how forcing induces sustained periodic oscillations and identified perioddoubling routes to chaos. We related the findings back to dynamical properties of the
unforced-system.
Here we explore a particular aspect of this model’s behaviour in greater detail, identifying so-called dynamical ‘crisis’, characterised by infinitely complicated basins of attraction,
outbursts and aperiodic oscillatory behaviour. Our main finding is that variations in
parameters of biological significance — illustrated here through systematic variation in
the duration of immunity — are responsible for sudden and unpredictable changes in the
model dynamics, making the use of such models as predictive tools fraught with difficulty.
Our findings build upon earlier studies of the properties of measles transmission models
by Ferguson et al. [21] and Aron [22].

Methods
The SIRWS model

Extending the standard epidemic theory — and as introduced by Lavine in the context of pertussis — the model consists of four population compartments: susceptible
(S), infectious (I), recovered (R) and a waning immunity state (W ). Those in the waning state (W ) can either lose their immunity and return to S (hence the model name:
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SIRWS), or alternatively have their immunity boosted at some rate νβI (proportional to
the force of infection), and return to R. Seasonality is incorporated into the model by
cyclically modulating the force of infection. Figure 1 presents a schematic of the model.
The non-linear differential equations governing the system are given by:
dS
dt
dI
dt
dR
dt
dW
dt

= −β(t)IS + 2κW + ξ(1 − S)

(1a)

= β(t)IS − γ I − ξ I

(1b)

= γ I − 2κR + νβ(t)IW − ξ R

(1c)

= 2κR − 2κW − νβ(t)IW − ξ W

(1d)

where β(t) = β0 (1 + η cos (2πt)) is the annually-forced transmission coefficient, parameterised by a baseline value β0 and a seasonal strength η, 1/γ is the average duration
of infectiousness, 1/κ is the average duration of protection (in the absence of immune
boosting), ν is the factor describing the relative strength of immune boosting (W → R)
compared to infection (S → I) and ξ is the birth rate for the population.
Critically, following both Lavine et al. [11] and Dafilis et al. [12], we allow for ν > 1 with
the implication that individuals with intermediate levels of immunity have a heightened
sensitivity to boosting when exposed to infection compared with susceptible individuals.
i. e., an exposure insufficient to initiate productive infection in a susceptible individual
may nonetheless be sufficient to boost an individual’s immunity, returning them from the
W to R state. The presence of this extra non-linear feedback loop in the system has fundamental consequences for its dynamics, as previously explored in detail by the present
authors [12].
Here, our focus will be on how the duration of immune protection, one of the most
poorly understood aspects of pertussis epidemiology, influences the dynamics of the system and how biologically reasonable choices for that duration can lead to intricate and
hard-to-characterise basins of attraction for the model. To undertake the study we must
choose a set of biologically realistic parameters with which to simulate the model. In other
work [20] we have explored the dynamics of the system over parameter-space, considering how the amplitude of seasonal-forcing and strength of immune boosting influence
the dynamics. Based on those extensive studies, we have chosen a single representative
set of parameters (other than the duration of immunity which we vary here) which are
compatible with the current literature and observed pertussis epidemiology [11,12,23]
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Figure 1 The SIRWS model.
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and yet support chaotic infection dynamics [20]. The infectious duration (in the absence
of births and deaths) is set to 1/γ = 1/17 years (i.e. 21 days). Baseline infectiousness
is set to β0 = 260 years−1 yielding a basic reproduction number of 15.2. The strength
of seasonal-forcing is set to 16% (η = 0.16). The birth rate is set to 1/100 years−1 , corresponding to an average lifespan of 100 years. Based on a recent analysis of pertussis
in Copenhagen by Lavine et al. [23] we set immune boosting to be more likely to occur
than infection (ν = 5). Throughout the paper, the duration of immunity is either fixed at
10 years (κ = 1/10 years−1 ) or varied over the range [1, 20] years.
Analysis

The system of coupled differential equations 1 was solved using the ODE MEX interface by Vanlier [24]. Seasonality was incorporated as in [16], allowing for a completely
autonomous oscillator, which aided the analysis. Integration time was 2000 years, with
the first 1000 years discarded as a transient. The period of the oscillation of the infectious
state (I) time series was determined using the period detection algorithm of Taylor [25]
applied to a 50 year time interval. As discussed in detail in [20], for multi-year periodic
cycles there may be multiple local maxima within the cycle. We define the peak prevalence
as the maximum value obtained over the entire cycle. Note that in previous work [20] we
examined the properties of these multi-year periodic cycles in detail. Where the period
detection algorithm failed to give a determination of the period, the largest Lyapunov
exponent of the system for the particular set of initial conditions and parameters was
evaluated using the algorithm of Christiansen [26] applied to the last 1000 years of the
simulation. The presence of chaos was also confirmed by an application of the GottwaldMelbourne 0–1 test for both S and I time series [27-31]. Model parameters were fixed to
β0 = 260 years−1 , γ = 17 years−1 , κ = 1/10 years−1 , ξ = 1/100 years−1 and ν = 5
unless specified otherwise, in line with previous work [11,12] and broadly consistent with
a model of pertussis infection. The strength of seasonal-forcing was fixed at η = 0.16,
which is a chaotic point in parameter space. The period of forcing was always set to one
year. The initial conditions for the simulations presented in Figures 2(a) and 2(b) were
fixed to a fully susceptible population (S(0) = 0.99, I(0) = 0.01, R(0) = 0, W (0) = 0).
Data for Figures 2(a) and 2(b) were obtained using XPPAUT [32], with post-processing
in Mathematica. Data for Figure 3 were drawn from the last 1000 years of the simulation
and prepared using Mathematica. In Figure 4 the parameter set was fixed and the initial
conditions selected uniformly at random, consistent with S(0) + I(0) + R(0) + W (0) = 1.

Results
Identifying dynamical crises: The influence of the duration of immunity on steady-state
dynamics

The sensitivity of the system to biologically realistic variation in the duration of immunity
(1/κ) is shown through a quasi-bifurcation diagram (Figure 2(a)) for the value of the peak
prevalence of infection, I, obtained over a 50 year time period in which the system is in a
dynamic steady-state. Figure 2(b) shows the corresponding plot for the period of the oscillations of the 50 year period. Focussing first on Figure 2(a), as the duration of immunity is
increased from 1 year the value of the peak prevalence varies smoothly with the duration
of immunity up until approximately 3.5 years, after which a clustering of many maxima is
noticed. This observation is indicative of an aperiodic oscillation over the 50 year period
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Figure 2 Stability, dynamical crises and chaos characterise the SIRWS system as the duration of
immunity is varied between 1 and 20 years. The peak prevalence (a) and the period of oscillation (b),
each plotted as a function of the duration of immunity (1/κ) are shown. Crises, quasiperiodicity, and chaos
are all evident as the duration of immunity is varied. Note the sudden jump in the maximum of I nearby a
duration of immunity of 10 years. This value happens to be that previously chosen in the literature [11,12] to
model pertussis dynamics indicating the presence of a crisis nearby an epidemiologically favoured value for
the duration of immunity. The figures were produced by integrating the system for sufficient time such that
the transient dynamics had passed (ttransient = 1000yr) and then examining the time traces over the next
50 years of simulation. The peak prevalence was calculated as the maximum of the oscillation of I and the
period of oscillation as the time between successive maxima of I.

under study, consistent with our initial numerical findings [20]. Notably, in the proximal
neighbourhood of 1/κ = 5.5 years, a large transition in the peak prevalence is evident:
this is the outbreak of a so-called ‘crisis’ [21,33,34], which signals a dramatic and sudden
change in the nature of the dynamics (i.e. in the character of the corresponding attractor).
The return to a smooth variation in the maxima is similarly sudden. After a brief, smooth
increase in the peak prevalence, a continuous decrease is observed as 1/κ increases from
approximately 6 years towards 8 years, indicating a range of values for the duration of
protection for which periodic oscillations are sustained over the 50 year period under
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Figure 3 A stroboscopic plot of the three attractors in a S–log I phase space cross section. The duration
of immunity is set at 10 years, and all other parameters are as specified in the text. Different colours indicate
different attractors, with red showing the chaotic attractor, green a period 5 orbit and blue a period 3 orbit.
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Figure 4 Two-dimensional slices through the full four-dimensional initial-condition space. Parameter
values are fixed as per Figure 3. Period-3 attractors are labelled in blue, period-5 attractors in green and
chaotic attractors in red. White is empty space where there was no sample taken. The initial-condition space
is restricted to the lower triangular region due to the condition S(0) + I(0) + R(0) + W(0) = 1. 5000 randomly
selected data points are presented from the complete 250,000 simulations performed for clarity of
presentation. The relative proportions of each type of attractor determined from the full data set were
preserved.

study. As the duration of immunity is increased beyond 8 years, the system again presents
narrow intervals for 1/κ for which the dynamics are unpredictable and multiple ‘crises’
are evident. The dynamical features just described are similarly evident in the plot of the
period of oscillations (Figure 2(b)), where the influence of the seasonal-forcing is evident.
For a duration of immunity less than 3.5 years, the system displays annual oscillations
(Figure 2(b)). It then enters a regime in which the dynamics are aperiodic before jumping, at 1/κ approximately equal to 5.5 years, to bi-annual (period 2) outbreaks. Separated
by regions of complex behaviour, for durations of immunity between 10 and 15 years,
the system supports tri-annual (period 3) outbreaks. Mathematically, the sudden, unpredictably and irregular transitions are a consequence of the highly non-linear character of
the model and the way it responds to external forcing, as previously discussed in [20].
It is well established that close to a crisis (such as those present in our model) complicated basins of attraction may often be found [21,22,34]. In consequence, the initial choice
of how to populate the susceptible (S), infectious (I), recovered (R) and waned-immunity
(W ) states in our model may deeply influence the nature of the long term behaviour of
the model. We now explore these possibilities in detail.
Riddled basins: the complex dependence on initial conditions at a crisis point

We fix the duration of immunity (1/κ) to 10 years — in accordance with Lavine et al.’s
study of pertussis [11] and our own previous work on this system [12] — and analyse
the structure of initial-condition space. The system displays highly non-trivial multistable
behaviour (as explored in other works [21,22,35]), in which three different dynamical
attractors co-exist (Figure 3, a stroboscopic (Poincaré) plot of the different dynamics,
sampled once a year, commensurate with the forcing period). A chaotic attractor exists
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extensively in initial-condition space and is interspersed with two different periodic
attractors of period-3 and period-5 years [20].
We now examine which regions of initial condition space give rise to the alternative
dynamical attractors. Figure 4 shows a scatterplot matrix of initial conditions S(0), I(0),
R(0) and W (0) and the attractors to which they correspond. Red, green and blue dots
respectively denote the chaotic, period-5 and period-3 attractors. The period-3 attractor
maintains a similar structure throughout all possible combinations for the initial conditions. For example, our numerical sampling suggests that period-3 dynamics are confined
to a limited and connected region of initial-condition space in the S − I cross-section,
and show a compact, rectangular shape in different cross-sections (as in the I − R or
R − W cross-sections). The other two attractors are instead widely dispersed without any
coherent structure underpinning their morphology. These attractors appear riddled in
initial-condition space, and in certain cross-sections also appear riddled with the period-3
orbits, although the degree of penetration of green and red points inside blue areas seems
rather limited.
The structure of the basins (Figure 4) has strong implications for the model dynamics and their instability to variations in population immunity, as can be appreciated
by reconsidering the phase-space of these three attractors (Figure 3). This plot shows
that, geometrically, the period-5 attractor (green) acts as a ‘support’ for the chaotic
dynamics (red). The characteristic filament-like shape of chaos (red) appears to originate from and be woven around the period-5 orbit points (green dots). Note instead
that the period-3 attractor (blue) is external and more distant from the other two. This
picture, although it does not offer a rigorous justification for the shape of the basins
shown in Figure 4, is in line with the more compact and less interspersed character of
period-3 attractors. Given that period-5 and chaotic basins are shown to be intermingled in phase-space and strongly related geometrically, it is reasonable to expect that
small variations in initial conditions may cause the dynamics to switch between the two
attractors, whereas period-3 points will be relatively more ‘isolated’ in initial-condition
space.

Conclusions
From the point of view of possible strategies to prevent or control the spread of infectious
diseases, our analysis is highly relevant. Consider, as Aron [22] has previously done, the
common scenario of a ‘catch-up’ campaign in which a proportion of the susceptible population is vaccinated with a sterilizing vaccine (i.e. one which modifies, perhaps blocking
entirely, susceptibility), in an impulsive fashion. Such a scenario is well modelled by shifting a proportion of the total population from the susceptible (S) to the recovered (R) state.
From our perspective, this has the effect of instantaneously reducing S(0) and increasing
R(0) while leaving I(0) and W (0) unchanged. Examination of Figure 4 suggests that whilst
this approach might make sense intuitively as a control measure and would of course
reduce the available pool of susceptible individuals at the time of program implementation, its effect over the longer term may be to move the observed dynamics from a regime
where the period is 5 years to a scenario where the period is now 3 years and of much
larger amplitude. This could potentially result in an increase in the burden of disease
within the community, both in magnitude and frequency, due to the greater proportion
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of period-3 dynamics in that region of initial-condition space. Alternatively, a small perturbation in the initial conditions, perhaps due to stochastic noise, may lead to a scenario
where the prevalence is fluctuating aperiodically, making the prediction (and control) of
the disease burden increasingly difficult [21,22]. The existence of dynamical crises suggests that it is possible that adverse effects may originate under the implementation of
typical control strategies [21,22]. It remains an open question as to whether any particular trends in observed infectious disease epidemiology (e.g. the observed resurgence of
pertussis in Western nations over the past decade) may be (partially) attributed to such
dynamical behaviour. Furthermore, our model does not include continual vaccination of
birth cohorts. Modelling of standard childhood immunisation programs may impact on
the structure of the basins.
Medium to long term experience of immunisation programs in diverse settings has
confirmed that vaccine impact may change over time. Mathematical models have provided useful insights into the drivers of such observations, including the ‘honeymoon’
phenomenon [36] and shifts in herd protection following implementation of population
catch-up programs [37]. Given the increasing use of models to inform policy decisions
regarding vaccine introduction and scheduling and infectious diseases intervention policy
more generally, our and others [21,22,38] findings highlight the importance of thoroughly
investigating the dynamical properties of those models to identify key areas of uncertainty. These dynamical-systems considerations complement the well established finding
(e.g., [39-41] that choices in model structure can strongly influence the estimated value(s)
of model parameters and so interpretation of epidemiological data. Our findings suggest that the often stated tension between capturing biological complexity and utilising
mathematically simple models is perhaps more nuanced than generally suggested. Simple dynamical models, particularly those which include forcing terms, can give rise to
incredibly complex behaviour. But we must ask if that behaviour is ‘real’; is it observed or
observable in the epidemiological data?
How to determine the appropriate level of mathematical detail for a model thus remains
an open question. This is particularly pertinent at a time when the use of mathematical
and computational models for the study of infectious diseases is rising as a major force in
the development of public health policy. We suggest that at a minimum, gathering richer
data on the epidemiological problem will aid in model selection and interpretation. Furthermore, post-implementation surveillance to monitor for ‘model-predicted’ dynamical
changes to the system may be useful in order to refine model structures and parameterisations and either improve predictive capacity or highlight the inherent unpredictability
of the system.
Competing interests
The authors declare that they have no competing interests.
Authors’ contributions
MPD and FF performed the numerical analyses and drafted the first version of the manuscript. JM contributed to the
public health evaluation of the findings and contextualisation of the research in terms of the existing public health
literature. JMH contributed to the interpretation of model findings and contextualisation of the research in terms of the
existing mathematical literature. JMM formulated the scientific problem, oversaw the research, evaluated the findings
and wrote the final version of the manuscript. All authors read and approved the final manuscript.
Acknowledgments
JM is supported by a National Health and Medical Research Council (Australia) Career Development Fellowship. JMM is
supported by an Australian Research Council Future Fellowship.

Page 8 of 10

Dafilis et al. Theoretical Biology and Medical Modelling 2014, 11:43
http://www.tbiomed.com/content/11/1/43

Author details
1 Centre for Epidemiology and Biostatistics, Melbourne School of Population and Global Health, The University of
Melbourne, Melbourne VIC, Australia. 2 Murdoch Childrens Research Institute, Royal Children’s Hospital, Parkville VIC,
Australia. 3 Department of Mathematics, Swinburne University of Technology, Hawthorn VIC, Australia. 4 Modelling
Infection and Immunity Lab, Centre for Disease Modelling, York Institute for Health Research, York University, Toronto ON,
Canada. 5 Mathematics & Statistics, York University, Toronto ON, Canada.
Received: 17 July 2014 Accepted: 20 September 2014
Published: 4 October 2014
References
1. Ferrari MJ, Grais RF, Bharti N, Conlan AJK, Bjornstad ON, Wolfson LJ, Guerin PJ, Djibo A, Grenfell BT: The dynamics of
measles in sub-saharan africa. Nature 2008, 451(7179):679–684. doi:10.1038/nature06509.
2. Colijn C, Cohen T, Fraser C, Hanage W, Goldstein E, Givon-Lavi N, Dagan R, Lipsitch M: What is the mechanism for
persistent coexistence of drug-susceptible and drug-resistant strains of streptococcus pneumoniae?
J Roy Soc Interface 2010, 7(47):905–919. doi:10.1098/rsif.2009.0400.
3. Earn DJ, Rohani P, Bolker BM, Grenfell BT: A simple model for complex dynamical transitions in epidemics.
Science 2000, 287(5453):667–670.
4. McCaw JM, Glass K, Mercer G. N, McVernon J: Pandemic controllability: a concept to guide a proportionate and
flexible operational response to future influenza pandemics. J Public Health (Oxf) 2014, 36(1):5–12.
doi:10.1093/pubmed/fdt058.
5. McCaw JM, Wood JG, McCaw CT, McVernon J: Impact of emerging antiviral drug resistance on influenza
containment and spread: influence of subclinical infection and strategic use of a stockpile containing one
or two drugs. PLoS One 2008, 3(6):2362. doi:10.1371/journal.pone.0002362.
6. Lipsitch M, Cohen T, Murray M, Levin BR: Antiviral resistance and the control of pandemic influenza. Plos Med
2007, 4(1):15. doi:10.1371/journal.pmed.0040015.
7. Bauch CT, Galvani AP, Earn DJD: Group interest versus self-interest in smallpox vaccination policy. Proc Natl
Acad Sci USA 2003, 100(18):10564–10567. doi:10.1073/pnas.1731324100.
8. Kerkhove MDV, Ferguson NM: Epidemic and intervention modelling–a scientific rationale for policy
decisions? Lessons from the 2009 influenza pandemic. Bull World Health Organ 2012, 90(4):306–310.
doi:10.2471/BLT.11.097949.
9. Bergstrom CT, Lo M, Lipsitch M: Ecological theory suggests that antimicrobial cycling will not reduce
antimicrobial resistance in hospitals. Proc Natl Acad Sci USA 2004, 101(36):13285–13290.
doi:10.1073/pnas.0402298101.
10. Fraser C, Riley S, Anderson R, Ferguson N: Factors that make an infectious disease outbreak controllable.
Proc Natl Acad Sci USA 2004, 101(16):6146–6151.
11. Lavine JS, King AA, Bjornstad ON: Natural immune boosting in pertussis dynamics and the potential for
long-term vaccine failure. Proc Natl Acad Sci USA 2011, 108(17):7259–7264. doi:10.1073/pnas.1014394108.
12. Dafilis MP, Frascoli F, Wood JG, McCaw JM: The influence of increasing life expectancy on the dynamics of SIRS
systems with immune boosting. ANZIAM J 2012, 54:50–63. doi:10.1017/S1446181113000023.
13. Dowell SF: Seasonal variation in host susceptibility and cycles of certain infectious diseases. Emerg Infect Dis
2001, 7(3):369–374.
14. Dushoff J, Plotkin J, Levin S, Earn D: Dynamical resonance can account for seasonality of influenza epidemics.
Proc Natl Acad Sci USA 2004, 101(48):16915–16916.
15. Lipsitch M, Viboud C: Influenza seasonality: lifting the fog. Proc Natl Acad Sci USA 2009, 106(10):3645–3646.
doi:10.1073/pnas.0900933106.
16. Aguiar M, Ballesteros S, Kooi BW, Stollenwerk N: The role of seasonality and import in a minimalistic multi-strain
dengue model capturing differences between primary and secondary infections: Complex dynamics and its
implications for data analysis. J Theor Biol 2011, 289:181–196. doi:10.1016/j.jtbi.2011.08.043.
17. Nguyen HTH, Rohani P: Noise, nonlinearity and seasonality: the epidemics of whooping cough revisited.
J Roy Soc Interface 2008, 5(21):403–413. doi:10.1098/rsif.2007.1168.
18. Kamo M, Sasaki A: The effect of cross-immunity and seasonal forcing in a multi-strain epidemic model.
Physica D 2002, 165(3-4):228–241.
19. Stone L, Olinky R, Huppert A: Seasonal dynamics of recurrent epidemics. Nature 2007, 446(7135):533–536.
20. Dafilis MP, Frascoli F, McVernon J, Heffernan JM, McCaw JM: The dynamical consequences of seasonal forcing,
immune boosting and demographic change in a model of disease transmission. J Theor Biol 2014,
361C:124–132. doi:10.1016/j.jtbi.2014.07.028.
21. Ferguson NM, Nokes DJ, Anderson RM: Dynamical complexity in age-structured models of the transmission of
the measles virus: epidemiological implications at high levels of vaccine uptake. Math Biosci 1996,
138(2):101–130.
22. Aron JL: Multiple attractors in the response to a vaccination program. Theor Popul Biol 1990, 38(1):58–67.
23. Lavine JS, King AA, Andreasen V, BjÃÿrnstad ON: Immune boosting explains regime-shifts in prevaccine-era
pertussis dynamics. PLoS One 2013, 8(8):72086. doi:10.1371/journal.pone.0072086.
24. Vanlier J, Tiemann CA, Hilbers PA, van Riel NA: An integrated strategy for prediction uncertainty analysis.
Bioinformatics 2012, 28(8):1130–1135. doi:10.1093/bioinformatics/bts088.
25. Taylor RA, Sherratt JA, White A: Seasonal forcing and multi-year cycles in interacting populations: lessons
from a predator-prey model. J Math Biol 2012:1–24. doi:10.1007/s00285-012-0612-z.
26. Christiansen F, Rugh HH: Computing lyapunov spectra with continuous Gram - Schmidt orthonormalization.
Nonlinearity 1997, 10(5):1063.
27. Gottwald GA, Melbourne I: Testing for chaos in deterministic systems with noise. Physica D 2005,
212(1-2):100–110. doi:10.1016/j.physd.2005.09.011.

Page 9 of 10

Dafilis et al. Theoretical Biology and Medical Modelling 2014, 11:43
http://www.tbiomed.com/content/11/1/43

28. Gottwald GA, Melbourne I: A new test for chaos in deterministic systems. Proc R Soc Lond Ser A Math Phys Eng Sci
2004, 460(2042):603–611. doi:10.1098/rspa.2003.1183.
29. Gottwald GA, Melbourne I: On the validity of the 0-1 test for chaos. Nonlinearity 2009, 22(6):1367–1382.
doi:10.1088/0951-7715/22/6/006.
30. Gottwald GA, Melbourne I: On the implementation of the 0-1 test for chaos. SIAM J Appl Dyn Syst 2009,
8(1):129–145. doi:10.1137/080718851.
31. Falconer I, Gottwald G, Melbourne I, Wormnes K: Application of the 0-1 test for chaos to experimental data.
SIAM J Appl Dyn Syst 2007, 6(2):395–402.
32. Ermentrout B: Simulating, Analyzing, and Animating Dynamical Systems. Software, Environments, and Tools, Volume14.
Philadelphia, PA: Society for Industrial and Applied Mathematics (SIAM); 2002. doi:10.1137/1.9780898718195.
[http://dx.doi.org/10.1137/1.9780898718195].
33. Grebogi C, Ott E, Yorke JA: Crises, sudden changes in chaotic attractors, and transient chaos. Physica D 1983,
7:181–200.
34. Aguirre J, Viana RL, Sanjuán MAF: Fractal structures in nonlinear dynamics. Rev Mod Phys 2009, 81:333–386.
doi:10.1103/RevModPhys.81.333.
35. Arecchi FT, Badii R, Politi A: Generalized multistability and noise-induced jumps in a nonlinear dynamical
system. Phys RevA 1985, 32:402–408. doi:10.1103/PhysRevA.32.402.
36. McLean AR, Anderson RM: Measles in developing countries. part ii. the predicted impact of mass vaccination.
Epidemiol Infect 1988, 100(3):419–442.
37. Campbell H, Andrews N, Borrow R, Trotter C, Miller E: Updated postlicensure surveillance of the meningococcal
c conjugate vaccine in england and wales: effectiveness, validation of serological correlates of protection,
and modeling predictions of the duration of herd immunity. Clin Vaccine Immunol 2010, 17(5):840–847.
doi:10.1128/CVI.00529-09.
38. Glass K, Xia Y, Grenfell BT: Interpreting time-series analyses for continuous-time biological models–measles as
a case study. J Theor Biol 2003, 223(1):19–25.
39. Wearing HJ, Rohani P, Keeling MJ: Appropriate models for the management of infectious diseases. Plos Med
2005, 2(7):174. doi:10.1371/journal.pmed.0020174.
40. Bolton KJ, McCaw JM, McVernon J, Mathews JD: The influence of changing host immunity on 1918-19
pandemic dynamics. Epidemics 2014, 8(0):18–27.
41. Camacho A, Ballesteros S, Graham AL, Carrat F, Ratmann O, Cazelles B: Explaining rapid reinfections in
multiple-wave influenza outbreaks: Tristan da cunha 1971 epidemic as a case study. Proc Biol Sci 2011,
278(1725):3635–3643. doi:10.1098/rspb.2011.0300.
doi:10.1186/1742-4682-11-43
Cite this article as: Dafilis et al.: Dynamical crises, multistability and the influence of the duration of immunity in a
seasonally-forced model of disease transmission. Theoretical Biology and Medical Modelling 2014 11:43.

Submit your next manuscript to BioMed Central
and take full advantage of:
• Convenient online submission
• Thorough peer review
• No space constraints or color ﬁgure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at
www.biomedcentral.com/submit

Page 10 of 10

