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Tuberculosis control and elimination remains a challenge for public health even in low-burden countries. New technology and novel approaches to case-finding, diagnosis, and treatment are causes for optimism but they need to be used cost-effectively. This in turn requires improved understanding of the epidemiology of TB and analysis of the effectiveness and cost-effectiveness of different interventions. We describe the contribution that mathematical modeling can make to understanding epidemiology and control of TB in different groups, guiding improved approaches to public health interventions. We emphasize that modeling is not a substitute for collecting data but rather is complementary to empirical research, helping determine what are the key questions to address to maximize the public-health impact of research, helping to plan studies, and making maximal use of available data, particularly from surveillance, and observational studies. We provide examples of how modeling and related empirical research inform policy and discuss how a combination of these approaches can be used to address current questions of key importance, including use of whole-genome sequencing, screening and treatment for latent infection, and combating drug resistance.
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INTRODUCTION

Tuberculosis remains a public health challenge, even in low-burden countries, such as the USA (Hill et al., 2012) and European countries (Abubakar et al., 2012a; Lönnroth et al., 2015). TB epidemiology is complicated, with multiple interacting risk factors determining the burden of disease in different population groups (de Vries et al., 2014). Generally, most cases of disease in many low-burden countries arise from imported latent TB infection (LTBI), but homeless and other deprived groups can have transmission rates as high as some high-burden countries (e.g., White et al., 2011). With limited budgets and competing health priorities there are important questions regarding the best tools and practical approaches, tailored to patients’ needs, for diagnosis and treatment of latent and active TB (Table 1).

TABLE 1. Current key questions for research in to TB control in low-burden countries.
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Modeling provided insights into TB natural history, epidemiology, and control for decades (White and Garnett, 2010 extensively reviews modeling of natural history; here we focus on other uses). Whilst models can be used to examine “what if” scenarios (Abu-Raddad et al., 2009; Garnett et al., 2011; Hill et al., 2012), calculating the expected impact of interventions that have not (yet) been implemented, modeling is not a substitute for empirical study but rather a tool to analyze empirical data. Indeed, modeling is used to synthesize evidence from multiple sources (Drobniewski et al., 2015 reports multiple studies, including modeling). Complementary analytical approaches include trials; observational studies (Jit et al., 2011; Pareek et al., 2011a, 2013); mapping of clinical pathways (Drobniewski et al., 2015; Green et al., in preparation) and surveys of clinical practice (Pareek et al., 2011b); analysis of aggregate data from surveillance (Drobniewski et al., 2015) and screening programs (Aldridge et al., 2016); analysis of patient records, including database linkage to link laboratory and surveillance data, and to link risk factors to outcomes (Baussano et al., 2006; Anderson et al., 2014; Stagg et al., 2015, 2016; Aldridge et al., 2016; Aldridge et al., in preparation); and systematic reviews (Tiemersma et al., 2011; Aldridge et al., 2014; Stagg et al., 2014).

In this paper we concentrate on modeling of TB to inform public health in high-income, low-burden countries.

INFECTIOUS-DISEASE TRANSMISSION DYNAMICS AND COST-EFFECTIVENESS CALCULATION

Infectious diseases are transmitted from one host to another, and control requires interrupting this process, which involves interaction between individual-level and population-level processes, known as transmission dynamics (Abubakar, 2016; Cohen and White, 2016; White, in press). The incidence of infection – the rate new infections arise in the population per unit time – depends on the prevalence of infectious individuals in the population (the proportion of the population that is infectious) at the time. Of course, prevalence depends upon the rate new infections have been arising (and rates of recovery and death), so prevalence depends upon incidence. Therefore for infectious diseases there is a dynamic feedback loop, with incidence depending upon prevalence and prevalence depending upon incidence.

Transmission dynamics have important consequences for intervention effectiveness and cost-effectiveness [hereafter “(cost-)effectiveness”], because interventions such as vaccination and treatment of infection can benefit not just individuals receiving the intervention but can also benefit the population by averting transmission, improving health and reducing the number of infections needing to be treated, saving money (Cohen and White, 2016; Jit and White, 2016). Indeed, population-level benefits can be the major benefit of intervention and can even result in interventions being cost-saving. If a vaccine with sufficient efficacy and duration of protection is available then very large reductions in disease burden can be achieved, if population coverage is sufficient to achieve ‘herd immunity’; indeed, for some infections elimination is possible.

Economic analysis of infectious-disease interventions requires specialized transmission-dynamic mathematical models, integrating transmission dynamics, and health economics (Cohen and White, 2016; Jit and White, 2016; White, in press). Standard (“static”) health-economic models (e.g., decision trees, Markov models), developed for non-infectious diseases, are simpler because treating or vaccinating a patient does not affect incidence of disease in others (Jit and White, 2016). Whilst it can sometimes be acceptable to use static models for infectious diseases, e.g., in settings where transmission is rare (Jit and Brisson, 2011) or where an intervention is cost-effective without considering transmission-dynamic benefits it is preferable not to do so. Even in low-burden countries, where most TB cases are due to imported infection, transmission is still a concern.

USES OF MATHEMATICAL MODELING TO ADDRESS ISSUES IN TUBERCULOSIS PUBLIC HEALTH

Extrapolating Long-Term Outcomes Using Proxy Measures from Trials

In trials, there is usually not time to follow patients to their ultimate end-point: the individual benefit of being cured of active tuberculosis is typically years or even decades of life gained by those patients who would otherwise have died, and reduced morbidity in all patients. Therefore, determining the full health benefit requires modeling to calculate life-years gained in a treated patient cohort, accounting for their life expectancy if treatment averts death from TB. In health-economic analysis life-years gained are usually used to calculate Quality-Adjusted Life-Years (QALYs) gained, which incorporate reducing morbidity – increasing quality of life – as well as by reducing mortality, increasing duration of life (Jit and White, 2016). [Disability-Adjusted Life-Years (DALYs) are an alternative, measuring health detriment rather than gain]. Modeling of LTBI treatment (White and Jit, 2015), taking evidence of treatment efficacy from trials and calculating QALYs gained by the use of different regimens in different age-groups, informed guidance from England’s National Institute for Health and Care Excellence (NICE) (Hoppe et al., 2016).

Transmission-dynamic effects mean benefits of interventions can continue – and indeed increase – in to the future and even beyond the lifetimes of the individuals receiving the intervention and their contemporaries in the wider population (Jit and White, 2016). This is particularly true for TB, with its long incubation period, making it important to consider the long term, as costs of interventions are typically greater in the early stages with the benefits accruing over time (Figure 1; White et al., 2011).
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FIGURE 1. Results of an economic analysis of screening homeless persons and prisoners for active TB using a mobile X-ray unit, using the model in White et al. (2011). (A) Health benefits (in terms of Quality-Adjusted Life Years, QALYs) gained in each year, with discounting at 3.5% per annum, with different colors representing different frequencies of screening (dark blue: lowest rate; light blue: highest rate). Notice how the health benefits increase over time, as reductions over time in prevalence of infectious individuals reduce rates of new infections occurring. (B) Annual net costs: initially, there are costs incurred in purchasing equipment and increased treatment costs, due to infections being found earlier than otherwise, including some individuals being found and treated who would otherwise have died of tuberculosis. In later years the net cost is negative, meaning that the intervention saves money, because the cost of the intervention is less than the money saved due to the reduction in cases occurring and requiring treatment. Note that the different temporal patterns in health benefits and costs means that the time-horizon considered has a major impact on the calculated cost-effectiveness: in the first 2–3 years there is a net cost to the intervention and the health benefits are relatively modest, but over a longer period the intervention becomes cost-saving and the health benefits are large. (C,D) Examination of how the cost-effectiveness of screening (C) homeless persons and (D) prisoners for active TB using a mobile X-ray unit depends upon the prevalence of disease and the frequency of screening. On the horizontal axis is the prevalence prior to the introduction of screening; note that the range of values for homeless persons is greater than for prisoners (reflecting empirical observations); the dashed vertical line on the graph for the homeless indicates the extent of the range considered for prisoners. On the vertical axis is the screening frequency, with the value 1 corresponding to the ‘middle’ frequency (A,B). At high prevalence screening is cost-saving as well as beneficial to health (green area), due to a high yield of screening and a large number of infections averted due to a high transmission rate in the absence of intervention, which means that averted treatment costs exceed the cost of the intervention. At intermediate prevalence, screening is not cost-saving but is still cost-effective (there is a net cost to the intervention but the health benefits are sufficient for the cost per QALY gained to be below the cost-effectiveness threshold), whereas at lower prevalence, screening is not cost-effective (the health benefits are in sufficient for the intervention to the considered worth the cost). Note that there is an optimal frequency of screening. Due to the curved boundary of the area corresponding to screening being cost-saving, for some intermediate values of prevalence screening at a low frequency is cost-effective but increasing the screening frequency makes the intervention cost-saving – due to a greater reduction in transmission – whilst increasing to even higher frequency makes screening no longer cost-saving, and potentially not cost-effective: this is due to “diminishing returns” if the screening frequency is increased to excessively high levels.



Analyzing Data from Observational Studies When a Trial Is Not Feasible

Often trials are not feasible, so observational data have to be analyzed to assess intervention effectiveness without having patients recruited to a control arm for comparison. Modeling can calculate a counterfactual – i.e., what would have occurred in the absence of the intervention – to compare with what was observed (Garnett et al., 2011). This approach assessed the cost-effectiveness of the London TB Find and Treat service, which used a mobile X-ray unit to screen homeless persons and prisoners for active TB and provided case-management support (Jit et al., 2011), with a synthetic control group constructed from surveillance records of individuals who had received standard case-finding and care. This analysis did not use a transmission-dynamic model, due to time constraints, with urgent analysis required to inform policy: as the intervention was cost-effective without considering benefits of averting transmission one could be certain it was even more cost-effective than calculated.

Screening of immigrants to low-burden countries from higher-burden countries (Pareek et al., 2011b; Aldridge et al., 2014) provides an example of modeling answering “what-if” questions by examining a range of scenarios not feasible to test in a trial – specifically, the cost-effectiveness of screening and which countries should be included in the program. Recently, Aldridge et al. (2014) reviewed reported yields of active TB from pre-entry screening programs, and analyzed UK data in detail (Aldridge et al., 2016); these studies can be used to inform health-economic modeling. Pareek et al. (2011a) measured LTBI prevalence in immigrants entering the UK from a range of countries and modeled the cost-effectiveness of different “screening thresholds” using WHO-estimated TB burden in countries of origin. Not screening migrants from the Indian sub-continent, following guidance at the time, was missing 70% of imported LTBI. Further analysis (Pareek et al., 2013) compared different screening strategies, with and without chest X-ray and tuberculin skin test (TST) and two interferon-gamma release assays (IGRAs), and found that single-step screening with the QuantiFERON Gold in-Tube IGRA was most cost-effective.

Recent analysis informing NICE guidance on LTBI treatment examined the cost-effectiveness of different regimens and treating different age-groups: whilst older individuals will have fewer years at risk of progression to active TB, and fewer years of life lost if they develop active TB and die of it, and are at greater risk of adverse events from LTBI treatment, they also have a greater risk of dying from active TB if they develop it, and modeling is required to determine the overall outcome of this combination of factors (White and Jit, 2015). A key parameter is the risk of progression to active disease; recent analysis of migrants to the UK provides updated estimates (Aldridge et al., in preparation).

Assessing Interventions at Full Scale

An important consequence of transmission dynamics is that the scale of intervention affects its effectiveness: a major benefit of a successful intervention is averting infections, but small-scale trials are unlikely to reduce transmission at the population level even if the intervention is successful. Large-scale cluster randomized control trials (cRCTs) are more likely to reduce incidence detectably but any reduction is still likely to be proportionately less than a full-scale intervention and it is usually not feasible to conduct cRCTs at a scale that can measure full benefits. When a public health intervention has been implemented at scale then modeling can be used to calculate a counterfactual to compare with observational data from surveillance systems (Hallett et al., 2007).

Hill et al. (2012) used modeling to assess whether the USA is likely to eliminate TB by 2100 with then-current approaches and concluded it was unlikely, and Davidow et al. (2015) concluded that expanding LTBI testing and treatment of migrants would be required, along with improving TB control internationally. Dye et al. (2013) modeled elimination in South Africa, India, China, and the USA, and concluded that implementation of the WHO Stop TB Strategy, is required, along with new technology “including biomarkers of TB risk, diagnostics, drugs, and vaccines”.

Examining Combinations of Interventions and Accounting for Epidemiological Context

When different combinations of interventions are to be evaluated, it is usually not feasible to conduct trials measuring directly the effectiveness of each combination in comparison with all the other combinations (factorial designs are usually only practicable for two interventions, with four combinations). This is particularly the case for public health interventions where epidemiological context matters (e.g., heterogeneous disease burden in different locations or population groups), and the combinations of interventions and contexts need to be considered (e.g., targeting different interventions to different groups/locations). For example, the cost-effectiveness of screening homeless persons and prisoners for active TB using a mobile X-ray unit depends upon the prevalence of infection in the population and the frequency of screening (Figure 1; White et al., 2011). Combining interventions, there can be synergy or redundancy – the combination having greater or lesser impact than the sum of the individual interventions, respectively (Dodd et al., 2010). Synergy is most likely when the interventions target different aspects of the pathogen’s transmission process and life cycle and when the interventions are individually only moderately effective at most; combining such interventions could result in a ‘package’ that is effective and cost-effective. Dye et al. (2013) reported that targeting latent TB and active TB together can be synergistic.

Health-Systems Modeling

With the advent of improved TB diagnostics, an important use of modeling is assessing the impact of incorporating them into the health system (Cobelens et al., 2012; Lin et al., 2012). Modeling has been used to assess the cost-effectiveness of introducing molecular testing in high-burden countries (Menzies et al., 2012) but assessments are also required for low-burden countries. Molecular tests for active TB and drug-resistance have lower sensitivity and/or specificity than microbiological culture, so have more-frequent false-negative and false-positive results, but are much faster than culture, so there are trade-offs to consider (Drobniewski et al., 2015). False-negative results delay treating some infections and increase the opportunity for transmission – although if molecular testing is used in addition to culture rather than replacing it then ultimately the infection would still be diagnosed as previously. False-positive results cause inappropriate treatment for TB (if the patient does not have the infection) and/or for Multidrug-Resistant TB (MDR-TB) (if the patient has TB but it is not MDR or does not have TB at all), incurring costs and health detriment (due to side-effects). These downsides need to be weighed against faster diagnosis and appropriate treatment where the test results are correct, resulting in improved prognosis, and reduced time that smear-positive patients may spend in isolation awaiting drug-susceptibility testing. Important factors are the proportion of patients tested who have TB and MDR-TB (which can vary amongst demographic groups); the sensitivity, specificity and cost of the molecular test; and the cost of patient isolation. In the UK, it is likely that adding molecular testing to diagnostic pathways would be beneficial to health and potentially cost-saving (Drobniewski et al., 2015). However, information on the details of health-system costs (e.g., durations of hospital stays; healthcare provided in general practice; staff time required for diagnostic testing, sample analysis, and patient care) is often limited (Drobniewski et al., 2015), and detailed studies of pathways is required (Green et al., in preparation). Additionally, there can be wide variation locally in clinical practice, as Pareek et al. (2011b) found for LTBI screening of immigrants, with activity generally inversely related to disease burden.

Multidrug-Resistant TB

Controlling MDR-TB is a key concern in Europe, even in low-MDR-burden countries (Abubakar et al., 2012b; Drobniewski et al., 2015). Surveillance and modeling have important roles to play (Wells et al., 2013). However, whilst modeling has provided valuable insights (Cohen et al., 2009), it has been largely limited to examination of scenarios, due to a lack of detailed data making it difficult even to determine trends (Cohen et al., 2014).

Studying MDR-TB treatment, evolution, transmission, and control in low-MDR-burden countries is challenging due to relatively small numbers of cases (Drobniewski et al., 2015), although we do know that (e.g.) transmission is currently limited in England and tends to be concentrated in high-risk groups (Anderson et al., 2014). Studies in countries with higher MDR-TB burdens are therefore valuable, with central and eastern Europe being most relevant to lower-burden western Europe, considering the social context and health system structure (Stagg et al., 2015, 2016).

UNCERTAINTY

Modeling offers important insight into uncertainty, including quantifying how much arises from different causes (Cohen and White, 2016; Jit and White, 2016), which helps identify priorities for empirical research (Cohen et al., 2009). Modeling can identify important sources of uncertainty that may otherwise be overlooked, e.g., contact patterns that are important for rates of transmission of infection amongst and between population groups (Mossong et al., 2008).

There is uncertainty in TB’s natural history, not just in terms of values of parameters (“parametric uncertainty”, e.g., proportions of incident infections that are smear-negative vs. smear-positive, progression rates from latent infection to active disease, etc.) but also in terms of infection states which occur and which processes affect transitions between those states (“structural uncertainty”). Different formulations of mathematical models indicates the uncertainty in how TB natural history is best represented (White and Garnett, 2010), e.g., whether incident infections should bifurcate into slow- and fast-progressing infections or whether all infections should pass through a state when the risk of progression is high and then those who have not yet progressed enter a state where progression rates are lower, and whether exogenous reinfection promotes progression to active disease.

Whether uncertainty in parameter values (or model structure) leads to uncertainty for decision-making depends upon whether the probability density is concentrated on one side of the cost-effectiveness threshold or whether there are important proportions of the density on either side of the threshold.

CONCLUSION

In low-burden countries TB control needs to be targeted appropriately for different patient groups. Targeting requires resources, so it needs to be efficient in finding and diagnosing at-risk persons. Assessing intervention cost-effectiveness requires transmission-dynamic modeling to determine numbers of infections averted, informed by data from empirical studies, e.g., of diagnostic tests in different settings (Drobniewski et al., 2015), and BCG vaccination (Abubakar et al., 2013).

There are important questions regarding TB’s natural history and epidemiology, which will affect the impact of interventions, including use of novel technologies such as new vaccines (Table 1). Whilst modeling can be used to gain insight into the underlying causal mechanisms giving rise to observed patterns, which can then inform control strategies, it is necessary to determine in detail what the patterns are, requiring detailed empirical study, particularly for MDR-TB strains.

Many interacting factors affect transmission in populations, including demographic and other risk factors, patterns of contact within and between groups having different work places, socializing in different venues, living in different settings (including homeless hostels), differing in their access to health services for diagnosis, and having different needs in being adherent to treatment. Migrants also differ in their risks of having acquired infection overseas vs acquiring it in a low-burden country post-migration. These different factors need to be quantified, to enable modeling ‘translate’ findings from the setting where a study was performed to other settings. Improved quantification of risk factors and rates of transmission is now possible, using improved laboratory methods, including whole-genome sequencing (e.g., Roetzer et al., 2013; Anderson et al., 2014; Walker et al., 2014), combined with high-quality epidemiological data – including contact tracing, and detailed documentation of risk factors and history of exposure – and mathematical modeling offers the prospect of important insights (Comas and Gagneux, 2009, 2011; Bryant et al., 2013; Roetzer et al., 2013; Croucher and Didelot, 2015; Theron et al., 2015). Population-based prevalence surveys (e.g., Miramontes et al., 2015) are also valuable.

Modeling has important roles in synthesizing data from multiple sources, setting research priorities by determining the key knowledge gaps causing uncertainty, designing and analyzing research studies and evaluating interventions using surveillance data. Finally, we emphasize that effective modeling requires multidisciplinary teams to ensure data are interpreted correctly and models are designed to address key questions of public health importance.

AUTHOR CONTRIBUTIONS

The paper was conceived by both authors. PW wrote the first draft, which was revised by both authors.

FUNDING

PW thanks the MRC for Centre funding (MR/K010174/1), and the UK NIHR Health Protection Research Unit in Modelling Methodology at Imperial College London in partnership with Public Health England for funding (grant HPRU-2012-10080). IA is supported by NIHR, Medical Research Council (MRC), and Public Health England. The views expressed are those of the authors and not necessarily those of the MRC, NHS, NIHR, Department of Health, or Public Health England.

ACKNOWLEDGMENT

We thank Dr Tendai Mugwagwa for the images in Figure 1.

REFERENCES

Abubakar, I. (2016). “Introduction,” in Oxford Specialist Handbook of Infectious Disease Epidemiology, eds I. Abubakar, H. R. Stagg, T. Cohen, and L. Rodrigues (Oxford: Oxford University Press), 3–14.

Abubakar, I., Dara, M., Manissero, D., and Zumla, A. (2012a). Tackling the spread of drug-resistant tuberculosis in Europe. Lancet 379:e21-e23. doi: 10.1016/S0140-6736(11)61428-1

Abubakar, I., Pimpin, L., Ariti, C., Beynon, R., Mangtani, P., Sterne, J., et al. (2013). Systematic review and meta-analysis of the current evidence on the duration of protection by bacillus Calmette-Guérin vaccination against tuberculosis. Health Technol. Assess. 17, 1–372. doi: 10.3310/hta17370

Abubakar, I., Stagg, H. R., Cohen, T., Mangtani, P., Rodrigues, L. C., Pimpin, L., et al. (2012b). Controversies and unresolved issues in tuberculosis prevention and control: a low-burden-country perspective. J. Infect Dis. 205(Suppl. 2), S293–S300. doi: 10.1093/infdis/jir886

Abu-Raddad, L. J., Sabatelli, L., Achterberg, J. T., Sugimoto, J. D., Longini, I. M., Dye, C., et al. (2009). Epidemiological benefits of more-effective tuberculosis vaccines, drugs, and diagnostics. Proc. Natl. Acad. Sci. U.S.A. 106, 13980–13985. doi: 10.1073/pnas.0901720106

Aldridge, R. W., Yates, T. A., Zenner, D., White, P. J., Abubakar, I., and Hayward, A. C. (2014). Pre-entry screening programmes for tuberculosis in migrants to low-incidence countries: a systematic review and meta-analysis. Lancet Infect. Dis. 14, 1240–1249. doi: 10.1016/S1473-3099(14)70966-1

Aldridge, R. W., Zenner, D., White, P. J., Muzyamba, M. C., Loutet, M., Dhavan, P., et al. (2016). Prevalence of and risk factors for active tuberculosis in migrants screened before entry to the UK: a population-based cross-sectional study. Lancet Infect. Dis. doi: 10.1016/S1473-3099(16)00072-4

Anderson, L. F., Tamne, S., Brown, T., Watson, J. P., Mullarkey, C., Zenner, D., et al. (2014). Transmission of multidrug-resistant tuberculosis in the UK: a cross-sectional molecular and epidemiological study of clustering and contact tracing. Lancet Infect. Dis.14, 406–415. doi: 10.1016/S1473-3099(14)70022-2

Baussano, I., Bugiani, M., Gregori, D., Pasqualini, C., Demicheli, V., and Merletti, F. (2006). Impact of immigration and HIV infection on tuberculosis incidence in an area of low tuberculosis prevalence. Epidemiol. Infect. 134, 1353–1359. doi: 10.1017/S0950268806006261

Bryant, J. M., Harris, S. R., Parkhill, J., Dawson, R., Diacon, A. H., van Helden, P., et al. (2013). Whole-genome sequencing to establish relapse or re-infection with Mycobacterium tuberculosis: a retrospective observational study. Lancet Respir. Med. 1, 786–792. doi: 10.1016/S2213-2600(13)70231-5

Cobelens, F., van den Hof, S., Pai, M., Bertel Squire, S. B., Ramsay, A., and Kimerling, M. E. (2012). Which new diagnostics for tuberculosis, and when? J. Infect. Dis. 205(Suppl. 2), S191–S198. doi: 10.1093/infdis/jis188

Cohen, T., Dye, C., Colijn, C., Williams, B., and Murray, M. (2009). Mathematical models of the epidemiology and control of drug-resistant TB. Exp. Rev. Respir. Med. 3, 67–79. doi: 10.1586/17476348.3.1.67

Cohen, T., Jenkins, H. E., Lu, C., McLaughlin, M., Floyd, K., and Zignol, M. (2014). On the spread and control of MDR-TB epidemics: an examination of trends in anti-tuberculosis drug resistance surveillance data. Drug Resist. Updat. 2014, 105–123. doi: 10.1016/j.drup.2014.10.001

Cohen, T., and White, P. (2016). “Transmission-dynamic models of infectious diseases,” in Oxford Specialist Handbook of Infectious Disease Epidemiology, eds I. Abubakar, H. R. Stagg, T. Cohen, and L. Rodrigues (Oxford: Oxford University Press), 223–242.

Comas, I., and Gagneux, S. (2009). The past and future of tuberculosis research. PLoS Pathog. 5:e1000600. doi: 10.1371/journal.ppat.1000600

Comas, I., and Gagneux, S. (2011). A role for systems epidemiology in tuberculosis research. Trends Microbiol. 19, 492–500. doi: 10.1016/j.tim.2011.07.002

Croucher, N. J., and Didelot, X. (2015). The application of genomics to tracing bacterial pathogen transmission. Curr. Opin. Microbiol. 23, 62–67. doi: 10.1016/j.mib.2014.11.004

Davidow, A. L., Katz, D., Ghosh, S., Blumberg, H., Tamhane, A., Sevilla, A., et al. (2015). Preventing infectious pulmonary tuberculosis among foreign-born residents of the United States. Am. J. Public Health 105, e81–e88. doi: 10.2105/AJPH.2015.302662

de Vries, G., Aldridge, R. W., Caylà, J. A., Haas, W. H., Sandgren, A., van Hest, N. A., et al. (2014). Epidemiology of tuberculosis in big cities of the European Union and European Economic Area countries. Euro Surveill. 19:20726. doi: 10.2807/1560-7917.ES2014.19.9.20728

Dodd, P. J., White, P. J., and Garnett, G. P. (2010). Notions of synergy for combinations of interventions against infectious diseases in heterogeneously mixing populations. Math. Biosci. 227, 94–104. doi: 10.1016/j.mbs.2010.06.004

Drobniewski, F., Cooke, M., Jordan, J., Casali, N., Mugwagwa, T., Broda, A., et al. (2015). Systematic review, meta-analysis and economic modelling of molecular diagnostic tests for antibiotic resistance in tuberculosis. Health Technol. Assess. 19, 1–88. doi: 10.3310/hta19340

Dye, C., Glaziou, P., Floyd, K., and Raviglione, M. (2013). Prospects for tuberculosis elimination. Annu. Rev. Public Health 34, 271–286. doi: 10.1146/annurev-publhealth-031912-114431

Garnett, G. P., Cousens, S., Hallett, T. B., Steketee, R., and Walker, N. (2011). Mathematical models in the evaluation of health programmes. Lancet 378, 515–525. doi: 10.1016/S0140-6736(10)61505-X

Hallett, T. B., White, P. J., and Garnett, G. P. (2007). The appropriate evaluation of HIV prevention interventions: from experiment to full scale implementation. Sex. Trans. Infect. 83(Suppl. I), i55–i60. doi: 10.1136/sti.2006.023663

Hill, A. N., Becerra, J. E., and Castro, K. G. (2012). Modelling tuberculosis trends in the USA. Epidemiol. Infect. 140, 1862–1872. doi: 10.1017/S095026881100286X

Hoppe, L. E., Kettle, R., Eisenhut, M., and Abubakar, I. (2016). Tuberculosis – diagnosis, management, prevention, and control: summary of updated NICE guidance. BMJ 352:h6747. doi: 10.1136/bmj.h6747

Jit, M., and Brisson, M. (2011). Modeling the epidemiology of infectious diseases for decision analysis: a primer. Pharmacoeconomics 29, 371–386. doi: 10.2165/11539960-000000000-00000

Jit, M., Stagg, H. R., Aldridge, R. W., White, P. J., and Abubakar, I. (2011). A dedicated outreach service to hard-to-reach tuberculosis patients in London: observational study and economic evaluation. Br. Med. J. 343, d5376. doi: 10.1136/bmj.d5376

Jit, M., and White, P. (2016). “Economic analysis of interventions against infectious diseases,” in Oxford Specialist Handbook of Infectious Disease Epidemiology, eds I. Abubakar, H. R. Stagg, T. Cohen, and L. Rodrigues (Oxford: Oxford University Press), 243–255.

Lin, H.-H., Dowdy, D., Dye, C., Murray, M., and Cohen, T. (2012). The impact of new tuberculosis diagnostics on transmission: why context matters. Bull. World Health Organ. 90, 739–747. doi: 10.2471/BLT.11.101436

Lönnroth, K., Migliori, G. B., Abubakar, I., D’Ambrosio, L., de Vries, G., Diel, R., et al. (2015). Towards tuberculosis elimination: an action framework for low-incidence countries. Eur. Respir. J. 45, 928–952. doi: 10.1183/09031936.00214014

Menzies, N. A., Cohen, T., Lin, H. H., Murray, M., and Salomon, J. A. (2012). Population health impact and cost-effectiveness of tuberculosis diagnosis with Xpert MTB/RIF: a dynamic simulation and economic evaluation. PLoS Med. 9:e1001347. doi: 10.1371/journal.pmed.1001347

Miramontes, R., Hill, A. N., Yelk Woodruff, R. S., Lambert, L. A., Navin, T. R., Castro, K. G., et al. (2015). Tuberculosis infection in the United States: prevalence estimates from the national health and nutrition examination survey, 2011-2012. PLoS ONE 10:e0140881. doi: 10.1371/journal.pone.0140881

Mossong, J., Hens, N., Jit, M., Beutels, P., Auranen, K., Mikolajczyk, R., et al. (2008). Social contacts and mixing patterns relevant to the spread of infectious diseases. PLoS Med. 5:e74. doi: 10.1371/journal.pmed.0050074

Pareek, M., Abubakar, I., White, P. J., Garnett, G. P., and Lalvani, A. (2011a). TB screening of migrants to low TB burden nations: insights from evaluation of UK practice. Euro. Respir. J. 37, 1175–1182. doi: 10.1183/09031936.00105810

Pareek, M., Bond, M., Shorey, J., Seneviratne, S. L., Guy, M., White, P., et al. (2013). Community-based evaluation of immigrant tuberculosis screening using interferon gamma release assays and tuberculin skin testing: observational study and economic analysis. Thorax 68, 230–239. doi: 10.1136/thoraxjnl-2011-201542

Pareek, M., Watson, J. P., Ormerod, L. P., Kon, O. M., Woltmann, G., White, P. J., et al. (2011b). Screening of immigrants in the UK for imported latent tuberculosis: a multicentre cohort study and cost-effectiveness analysis. Lancet Infect. Dis. 11, 435–444. doi: 10.1016/S1473-3099(11)70069-X

Roetzer, A., Diel, R., Kohl, T. A., Rückert, C., Nübel, U., Blom, J., et al. (2013). Whole genome sequencing versus traditional genotyping for investigation of a Mycobacterium tuberculosis outbreak: a longitudinal molecular epidemiological study. PLoS Med. 10:e1001387. doi: 10.1371/journal.pmed.1001387

Stagg, H. R., Brown, J., Ibraim, E., Riekstina, V., Viiklepp, P., Cîrule, A., et al. (2015). Drug sensitivity patterns in MDR-TB patients: challenges for future regimen design. PLoS ONE 10:e0142425. doi: 10.1371/journal.pone.0142425

Stagg, H. R., White, P. J., Riekstiņa, V., Cīırule, A., Šķenders, G., Leimane, V., et al. (2016). Xpert MTB/RIF shortens time to treatment initiation for Latvian pulmonary MDR-TB patients. Emerg. Infect. Dis. 22, 482–490. doi: 10.3201/eid2203.151227

Stagg, H. R., Zenner, D., Harris, R. J., Muñoz, L., Lipman, M. C., and Abubakar, I. (2014). Treatment of latent tuberculosis: a network meta-analysis. Ann. Int. Med. 161, 419–428. doi: 10.7326/M14-1019

Theron, G., Jenkins, H. E., Cobelens, F., Abubakar, I., Khan, A. J., Cohen, T., et al. (2015). Data for action: collection and use of local data to end tuberculosis. Lancet 386, 2324–2333. doi: 10.1016/S0140-6736(15)00321-9

Tiemersma, E. W., van der Werf, M. J., Borgdorff, M. W., Williams, B. G., and Nagelkerke, N. J. (2011). Natural history of tuberculosis: duration and fatality of untreated pulmonary tuberculosis in HIV negative patients: a systematic review. PLoS ONE 6:e17601. doi: 10.1371/journal.pone.0017601

Walker, T. M., Lalor, M. K., Broda, A., Saldana Ortega, L., Morgan, M., Parker, L., et al. (2014). Assessment of Mycobacterium tuberculosis transmission in Oxfordshire, UK, 2007–12, with whole pathogen genome sequences: an observational study. Lancet Respir. Med. 2, 285–292. doi: 10.1016/S2213-2600(14)70027-X

Wells, W. A., Boehme, C. C., Cobelens, F. G. J., Daniels, C., Dowdy, D., Gardiner, E., et al. (2013). Alignment of new tuberculosis drug regimens and drug susceptibility testing: a framework for action. Lancet Infect. Dis. 13, 449–458. doi: 10.1016/S1473-3099(13)70025-2

White, P. J. (in press). “Mathematical models in infectious disease epidemiology,” in Infectious Diseases, 4th Edn, eds J. Cohen, W. G. Powderly, and S. M. Opal (Amsterdam: Elsevier).

White, P. J., and Garnett, G. P. (2010). “Mathematical modeling of the epidemiology of tuberculosis,” in Modeling Parasite Transmission and Control, eds E. Michael and R. C. Spear (Berlin: Springer), 127–140.

White, P., Jit, M., Stagg, H., Pimpin, L., Choi, Y., and Mugwagwa, T. (2011). Economic Analysis of Identifying and Managing Tuberculosis in Hard to Reach Groups: Homeless and Prison Populations. Manchester: National Institute for Health and Care Excellence. Available at: https://www.nice.org.uk/guidance/ng33/evidence/appendix-g8.-economic-analysis-80851860800

White, P. J., and Jit, M. (2015). What is the Cost-Effectiveness of Latent Tuberculosis Infection (LTBI) Treatment with Different Regimens? Manchester: National Institute for Health and Care Excellence (NICE). Available at: http://www.nice.org.uk/guidance/ng33/evidence/appendix-i-imperial-college-ltbi-treatment-report-30-april-2015-80851860834

Conflict of Interest Statement: PW has received research funding from Otsuka SA for a retrospective study of multidrug-resistant tuberculosis treatment in several eastern European countries. IA declares no competing interests.

© Crown copyright 2016. Reproduced with the permission of the Controller of Her Majesty’s Stationery Office/Queen’s Printer for Scotland and Public Health England. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) or licensor are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/cover.jpg


OPS/images/fmicb-07-00394-t001.jpg
Natural history of infection and transmission patterns in low-burden countries

« How does the natural history of TB, including rates of progression from LTBI to active disease, vary amongst population groups and with different risk factors?

« How much T8 disease in migrants from high-burden countries is due to LTBI at the time of migration, acquisition whilst in the low-burden country, and
acquisition whilst visiting the country of origin or receiving visitors from that country? (This informs on how much disease is potentially preventable by
reducing transmission in the low-burden country.)

« How much ission occurs in household: etc?

« What s the impact and cost-effectiveness of whole-genome sequencing on identifying drug resistance patterns (for individual patient care) and transmission
clusters (to inform public health responses)?

« What is the impact of LTBI testing and treatment on disease and transmission in different groups?

« What s the (cost-effectiveness of contact investigation in different groups?

MDR-TB
« What are the transmission patterns of MDR-TB?
 What are the most effective therapeutic options for MDR-TB, including optimizing the trade-off of providing access to new drugs whilst protecting those drugs
from emergence of resistance?

Provision of care

« What is the cost-effectiveness of LTBI screening of different migrant groups, delivered in different ways?

« What are the costs of diagnosis and treatment for LTBI and active TB provided to different patient groups in different health care settings and what are the
most cost-effective ways of providing diagnosis and care?

« What are the most (cost-) effective packages of care for different patient groups?

« What s the (cost-) effectiveness of combining active case finding for TB with screening for other infections (e.
homeless persons and prisoners?

o Whatis the effecti and iveness of different approaches to to promote adheren

HOV, HIV) in particular risk groups, such as

Vaccination
« What is the (cost-Jeffectiveness of BCG vaccination in different groups?
« What is the minimum effectiveness of novel vaccines reqired for their use to be cost-effective?
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