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Modelling the HIV-Associated TB 
Epidemic and the Impact of Interventions 
Aimed at Epidemic Control

P. J. Dodd, C. Pretorius, and B. G. Williams

Abstract In this chapter, we focus on mathematical models of tuberculosis epi-
demiology (TB) that include interactions with HIV and an explicit representation 
of transmission. We review the natural history of TB and illustrate how its features 
are simplified and incorporated in mathematical models. We then review the ways 
HIV influences the natural history of TB, the interventions that have been consid-
ered in models, and the way these individual-level effects are represented in mod-
els. We then go on to consider population-level effects, reviewing the TB/HIV 
modelling literature. We first review studies whose focus was on purely epidemio-
logical modelling, and then studies whose focus was on modelling the impact of 
interventions. We conclude with a summary of the uses and achievements of TB/
HIV modelling and some suggested future directions.
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 Introduction

The emergence of the HIV pandemic in sub-Saharan Africa and the simultaneous 
rise in the incidence of tuberculosis (TB) in this region is a stark reminder of the 
importance of HIV-epidemiology for modelling TB (Fig. 1). As HIV prevalence 
increased during the 1990s, the per-capita TB notification rate increased several-
fold in some countries. As the HIV epidemics matured and the mean duration of 
HIV-infection grew longer, the mean level of population immunocompetence 
declined, and the strength of association increased. By the late 1990s for example, 
over 70% of TB notifications in Zimbabwe were in people living with HIV (PLHIV) 
[1]. Comparing this proportion to the HIV infection prevalence in the population 
without TB yields an odds ratio of around 10, which can also be interpreted as an 
average incidence rate ratio for developing TB if infected with HIV [2].

With the wider roll-out of antiretroviral therapy for HIV (ART) beginning around 
2004, initially provided to those meeting certain CD4 count thresholds and now 
recommended for all PLHIV, these population-level associations between HIV and 
TB incidence began to weaken. As the epidemic declined in some countries, includ-
ing Zimbabwe and Ethiopia, and ART was rolled out very aggressively, as in 
Botswana and South Africa, the TB notification rates declined but not to the pre-
HIV levels. Today, around 10% of TB is thought to be HIV-associated globally 
(74% of this in sub- Saharan Africa) [3]. A higher, but more uncertain, proportion of 
TB deaths are HIV- associated, but vital registration cause-of-death coding rules and 
frequent comorbidities make such estimates more difficult. However, the fairly con-
stant HIV prevalence and still-elevated risks of developing TB even among PLHIV 
on ART means that HIV will continue to affect TB epidemiology for decades to 
come and remain a crucial aspect of modelling in high-HIV burden settings.

400,000

600,000

800,000

1,000,000

1,200,000

1,400,000

1990 1995 2000 2005 2010 2015
Year

TB
no

tif
ic
at
io
ns

pe
ry

ea
r(
ne

w
an

d
re
la
ps

e)

4

5

6

7

1990 1995 2000 2005 2010 2015
Year

H
IV

pr
ev

al
en

ce
(%

of
15

−
49

ye
ar

ol
ds

)

Fig. 1 TB and HIV in sub-Saharan Africa between 1990 and 2015: total tuberculosis notifications 
reported to the World Health Organisation (WHO) by countries in the WHO African region (left); 
UNAIDS estimates of HIV prevalence in 15–49 year olds (right)
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 Focus of This Chapter

The use of mathematical modelling as a tool in public health for understanding the 
behaviour of complex systems, and of assessing the impact and cost-effectiveness 
of interventions has grown. For an infectious disease like TB, making quantitative 
predictions about the population-level impact of interventions requires models that 
explicitly account for the transmission process. Without including transmission, 
there is no way of assessing the indirect benefits interventions may have through 
onward cases averted. For interventions whose benefit accrues mainly or wholly at 
the individual-patient level, the standard static modelling approaches of health eco-
nomics are likely to be appropriate, but for interventions that are likely to reduce 
transmission, static models may substantially underestimate benefits from indirect 
effects. In this chapter, we focus explicitly on dynamic models, that is population- 
level transmission models where the risks of infection depend on the prevalence of 
infectious cases and may change in response to interventions.

We first review the natural history and transmission epidemiology of TB, and 
describe in nontechnical terms the way these features are approximated and abstractly 
represented in transmission models. We describe the way HIV affects individuals’ 
natural history of TB and the approaches that have been used to model these effects. 
We highlight a number of interventions and describe how these have been allowed 
for in TB models, and we review the literature on modelling the impact of these 
interventions on TB at a population-level. We conclude by critically reflecting on the 
achievements and limitations of the work to date and suggest future directions.

 TB Modelling Without HIV

Before going on to consider how TB/HIV is modelled, it is important to understand 
how TB is usually represented in transmission models and what modelling tech-
niques are used. In this section, we introduce compartmental models of TB and step 
through various aspects of TB natural history, discussing how modellers approach 
incorporating these into mathematical models.

 Modelling Approaches

We will centre our description of TB modelling on Fig. 2, which is largely based on 
the early work of Dye and colleagues [4] (see also the book by Dye [5]), which, with 
variations largely reflecting different model purpose, has become the canonical 
basis for TB transmission models. Different disciplines have brought different tech-
niques, focus and approaches to the analysis, with TB/HIV modelling papers 
appearing in journals ranging from mathematical biology focussed on formally 
characterizing properties of specific models with abstract applications, through 
population biology/ecology studies aimed at exploring actual or potential behaviour 
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in more realistically-specified particular populations, through to very detailed mod-
els tightly tied to the epidemiology and costs in specific settings, and aimed at pol-
icy evaluation and decision support. A list of modeling studies evaluating HIV and 
TB is given in Table 1.

It should be noted that appropriate model structure is determined not only by the 
natural history or epidemiology, but also by the question at hand, and the published 
models vary widely in their structure. However, it is also the case that some models 
have appeared in the literature whose structure or parametrization means that they 
seriously misrepresent the natural history of TB. Menzies et al. [6] in a systematic 
review of TB modelling literature found that in 40% of published TB models there 
was an implied cumulative risk of progression to active disease that was substan-
tially at odds with empirical data.

The model diagram in Fig. 2 maps precisely to simple ‘compartmental models’. 
In these models, a set of mutually exclusive states that exhaustively classify indi-
viduals in the population are chosen. Each person in the population can then be 
thought of as being in one of these ‘boxes’ or ‘compartments’. The model state at a 
given time is then given by the population number in each compartment and the 
population dynamics are determined by quantitative rules for the rates of flow 

Fig. 2 A typical TB transmission model structure
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between boxes, which may depend on the state of the system and on time. Certain 
flows are sometimes omitted from such model diagrams, e.g. the inflow of births 
into the uninfected class; the outflow of death from all states (at higher rates from 
disease states). Model diagrams, such as in Fig. 2 may suppress some detail for the 
sake of simplicity. An example is where models include a discrete number of age 
categories, each one of which would require a duplication of the infection/disease 
logic of Fig. 2. Model diagrams can also be used to describe more approximately 
the logic of modelling approaches that are not compartmental, e.g. individual- or 
agent- based models, which may include much finer subdivisions of the states and 
more flexible rules governing transition between states. Individual-based models 
(IBMs) explicitly track in silico representations of people, and can therefore deal 
with effects that are hard to represent when only dealing with groups of a certain 
type of person (e.g. a detailed dependence on the history that led to the current state 
rather than simply depending on the current state alone).

Table 1 Summary of topics considered by TB modelling papers for high HIV prevalence settings

Focus on 
intervention Topic First author, year and reference

No HIV on TB 
incidence

Bermejo 1992 [67], Schulzer 1992 [68], Schulzer 1994 [70], 
Dolin 1994 [69]

TB dynamics with 
HIV

Kapitanov 2015 [74], Massad 1993 [71], Naresh 2009 [72], 
Roeger 2009 [73]

HIV on TB 
evolution & DR

Basu 2009 [76], Basu 2008 [75], Sergeev 2012 [77]

HIV on TB 
outbreaks

Murray 2002 [79], Porco 2001 [78], Pretorius 2011 [80]

HIV on TB 
transmission

Andrews 2014 [84], Andrews 2013 [85], Dodd 2016 [86], 
Escombe 2008 [81], Uys 2011 [83], Wood 2010 [82]

Interpreting TB/
HIV epidemiology

Blaser 2016 [89], Hughes 2006 [87], Pretorius 2014 [90], 
Sánchez 2009 [88]

Yes TB/HIV dynamics 
with interventions

Agusto 2014 [91], Bacaër 2008 [94], Kaur 2014 [92], 
Sharomi 2008 [93]

Control of DR-TB 
in TB/HIV 
epidemics

Basu 2007 [63], Basu 2009 [96], Basu 2011 [97]

Preventive therapy Basu 2009 [101], Cohen 2006 [100], Guwatudde 2004 [99], 
Heymann 1993 [98], Kunkel 2016 [103], Mills 2011 [102]

Case finding Azman 2014 [110], Baltussen 2005 [104], Dodd 2011 [42], 
Dowdy 2009 [107], Dye 1998 [4], Laxminarayan 2009 [105], 
Mellor 2011 [108], Sánchez 2008 [106], Yaesoubi 2013 [109]

Diagnostics Dowdy 2014 [62], Dowdy 2006 [111], Langley 2012 [114], 
Langley 2014 [61], Lin 2011 [113], Menzies 2012 [112]

ART Bhunu 2009 [117], Dodd 2013 [118], Pretorius 2014 [119], 
Williams 2005 [115], Williams 2003 [35], Williams 2010 [1]

Combined 
interventions

Chindelevitch 2015 [122], Currie 2005 [120], Currie 2003 [121], 
Gilbert 2015 [124], Gilbert 2016 [125], Houben 2016 [127], 
Houben 2016 [129], Knight 2015 [123], Trauer 2017 [128]

Topics are in order of discussion in text. DR = drug resistant. The topic word ‘dynamics’ implies a 
more mathematically focussed study
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 Modelling TB Natural History and Epidemiology

 Infection and Progression

One of the features of TB natural history that sets it aside from other infectious dis-
eases and therefore distinguishes TB models from models of other infectious diseases 
is its long latent state and the complexity of this latent state’s relationship to active TB 
disease. At birth, individuals are assumed to be uninfected and subject to infection 
with Mycobacterium tuberculosis (M. tuberculosis) with a force of infection (FOI) 
that depends on the prevalence of active TB disease at that time (see below). Individuals 
infected with M. tuberculosis for the first time are subject to an age-dependent risk of 
progressing to TB disease that decreases during childhood ages, remains low until 
adolescence and then increases as people reach adulthood [7]. This is normally repre-
sented as an elevated risk of ‘primary progression’ during the first 2–5 years following 
infection, with a subsequent lower risk of ‘endogenous reactivation’ thereafter [8]. 
These rates of progression compete with mortality, such that only a minority of those 
infected will develop active disease as a result: the canonical rule-of-thumb is that 
once infected with TB people have a 10% lifetime risk of disease [9], evenly divided 
between primary progression and endogenous reactivation, and more modern data 
broadly corroborate this picture [10]. In models, this is most often modelled as a cer-
tain fraction of infections progressing directly to active disease (an approximation to 
primary progression) and other individuals entering a latent category. Another model-
ling approach is to introduce two latent categories, with newly infected individuals 
moving initially into a fast-progressing latent category, before moving into a lower TB 
risk slow-latent category over a 2–5 year time scale [11].

 Reinfection and Protection

Another feature that is different from many other infectious diseases is the potential 
for those already carrying a latent M. tuberculosis infection (LTBI) to be reinfected. 
Evidence from modelling of population trends and more directly from cohorts of 
healthcare workers suggests that an existing latent infection conveys some protection 
against infection and progression to disease [8, 12, 13]. However, it is not possible to 
distinguish whether this protection applies against re-infection itself or progression 
following reinfection. If the latter, it is not clear whether there is any difference in the 
way this protection applies to progression in the initial years following reinfection or 
more distant re-activation. Re-infection is conventionally modelled as a partially 
effective ‘degree’ vaccine: i.e. infections in the latent (or slow-latent) category act 
like initial infections in the uninfected category, but occur at a lower rate with the FOI 
multiplied by some hazard ratio representing protection. This provides a contribution 
to incident TB disease from the latent category or via another route back into the fast-
latent compartment. For modelling approaches with a single latent category, this 
approach covers either protection via reduced possibility of infection or via reduced 
progression. For modelling approaches with fast- and slow-latent compartments, this 
approach represents protection via reduced susceptibility to infection.

P. J. Dodd et al.
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 Infectiousness and Risks of Infection

Upon development of active disease, many models assign individuals to either spu-
tum smear-positive or smear-negative disease. This definition has been made opera-
tionally as it affects the changes of diagnosis by particular algorithms and represents 
a group historically emphasised in TB control approaches, but also because smear- 
positive TB is on average more infectious per unit time than smear-negative TB 
disease [14, 15]. Some models introduce a low rate of progression from smear- 
negative to smear-positive disease [4], but this is poorly evidenced and considered 
small. While incipient smear-positive TB disease must at some point transition from 
smear-negative to smear-positive, the conventional modelling approach assumes 
this happens early on if at all, with around half of TB disease being smear-positive. 
It should be noted that new insights suggesting that the dichotomy between LTBI 
and clinical disease is an overly-simplistic representation of the dynamic spectrum 
existing in biological reality [16], and epidemiological data from prevalence sur-
veys that have found substantial amounts of asymptomatic TB [17] have yet to be 
explored in terms of their implications for models. Typically, the force-of-infection 
in TB models is taken as being proportional to the per capita TB prevalence with a 
discounting factor for smear-negative TB prevalence. The coefficient of proportion-
ality between per capita smear-positive TB prevalence and the force-of-infection is 
known in the epidemiological literature as Styblo’s ratio: the number of infections 
per year generated by 1 smear-positive TB case. Historically this was estimated to 
be in the region of 10 infections per year, but may be closer to 6 infections per year 
in the modern era [18, 19]. It is this dependence of force-of-infection on the current 
prevalence of active disease that makes a TB model ‘dynamic’ as opposed to ‘static’. 
Changes in TB prevalence due to interventions here are allowed to accrue indirect 
benefits, influencing the future incidence of TB disease via a reduced 
force-of-infection.

 Mortality, Self-Cure and Detection

The best data on the natural history of TB disease in the absence of treatment comes 
from the pre-chemotherapy literature [20]. A substantial proportion of those with 
TB disease would be expected to die: around 70% of those with smear-positive 
disease and around 30% of those with smear-negative disease, giving an average 
case-fatality ratio of around 50%. The remaining cases are said to ‘self-cure’, repre-
sented as a return to latent infection compartments in TB models. The course of TB 
disease was found to run over an average of around 3 years (independent of 
 smear- status), though data from the early 20th century suggest that some individu-
als could have active TB for over a decade [21].

The era of chemotherapy for TB has added a third class of outcome to TB dis-
ease: that a case is diagnosed and put onto treatment. This detection process is often 
abstracted into a single rate that captures both the efforts of a patient to seek care, 
and the sensitivity of the clinical algorithms used for diagnosis. Modelled in this 
way, rates of death, self-cure and detection can be considered as a competing hazard 
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framework, with the rate representing detection competing against the rates of self- 
cure and death to determine the fraction of incident TB cases that are detected. In 
practice, this logic is usually inverted: information about the fraction of cases 
detected is used to determine the corresponding rate of detection.

 Treatment and Recovery

Detection is usually modelled as synonymous with treatment initiation and those in the 
treatment category are normally assumed not to be infectious. This is based on the rapid 
decrease in both bacillary load and coughing frequency of TB patients on effective 
treatment [22, 23]. Exceptions include models that are used to investigate the signifi-
cance of delays to treatment, and work including drug-resistant TB which may still be 
infectious on inappropriate treatment. Often, this low infectiousness on treatment and 
the small fraction of the population on TB treatment at any point mean that models do 
not include an explicit compartment for those on TB treatment. If an explicit TB treat-
ment compartment is included it is normally modelled as a non-infectious compart-
ment with a mean duration of 6 months (i.e. a total per capita exit rate of 2 per year).

The outcomes of treatment are often modelled as simply death or successful treat-
ment, neglecting treatment failure or loss-to-follow-up (LTFU), with the total out 
rate split in proportion to the fraction experiencing each outcome. Surveillance data 
reported to WHO suggest that the treatment success for the 2015 cohort of new TB 
cases was 83%, and 78% in PLHIV [3]. Death, LTFU, and unevaluated outcomes 
heterogeneously account for most of the non-successful outcomes, with treatment 
failure rare in settings without very high levels of drug resistance. Globally, around 
11% of TB treatments for new and relapse cases in PLHIV reported death as an out-
come, compared with 4% of those without HIV [3]. Pre-treatment LTFU (i.e. LTFU 
between diagnosis and treatment initiation) is often incorporated into diagnostic 
rates, which may misrepresent the complexity in subsequent care- seeking by those 
who have at some point been diagnosed with TB.

Successful treatment outcomes and often self-cure of disease, are frequently 
modelled by a transition to a ‘recovered’ compartment. In contrast to the ‘recov-
ered’ designation in most infectious disease models, this compartment is used to 
capture the elevated risk of recurrent TB disease in those previously treated for 
TB. TB treatment is not now thought to be sterilizing, and even after a documented 
cure, the risk of TB infection is greater than in people who have never developed the 
disease [24]. In many settings, approaching 10% of notified TB cases will be 
 individuals who have been previously treated for TB, sometimes after LTFU, but 
more often after treatment completion. Recurrence is a complex phenomenon which 
includes disease following reinfection, reactivation, and mis-classified episodes of 
ongoing TB disease. Individuals with previous TB may be at elevated risk of TB 
infection and subsequent progression due to constant social or biological risk fac-
tors, or potentially due to changed risk factors resulting from their initial TB episode 
(lung scarring, exacerbated poverty). Many of these factors also increase the risk of 
reactivation disease from the original M. tuberculosis infection.
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This has important implications for TB control suggesting that previously treated 
patients should be followed-up regularly, possibly until the end of their lives. More 
recently a series of studies by Marx et al. have shown that, in the Western Cape Province 
of South Africa, previously treated patients have a relapse rate and a recurrence rate both 
of which are about 3000/100,000 in the first year after successful treatment which has 
important implications for the control of TB, especially in high burden settings [25, 26].

 Drug Resistance

Recurrence may be linked with the local epidemiology of drug-resistant TB (DR- 
TB), which varies hugely around the globe, with proportions of multidrug-resistant 
or rifampicin-resistant TB (MDR/RR) among TB cases ranging from over 30% in 
some former Soviet republics to less rates typically below 3% in much of sub- 
Saharan Africa [3]. In all settings, the rates of drug resistance in cases with a history 
of TB treatment are higher than treatment-naive patients; treatment-naive patients 
are a barometer of transmitted resistance whereas cases previously treated reflect 
both acquired resistance during treatment and undiagnosed primary resistance that 
has been empirically determined to need second line treatment. MDR/RR TB is 
significant due to its worse outcomes and the much higher cost of treatment. Other 
resistance patterns, such as extensively drug-resistant (XDR) TB include resistance 
to common second-line compounds. Models including drug-resistant TB must rep-
licate much of the structure to allow infection and transmission by strains of 
M. tuberculosis with different resistance patterns. The different outcomes, dura-
tions, relevant diagnostic algorithms and mechanisms for becoming a drug-resistant 
TB case must all be included in transmission models of DR-TB.

 Risk Factors Other Than HIV

HIV is the single strongest risk factor for TB and the way its influence on the natural 
history of TB is typically incorporated in models of TB will be discussed in the fol-
lowing section. However, it is worth noting that other factors also influence the risk 
and characteristics of TB disease. Risks of progression to disease change rapidly 
during childhood, as does the spectrum of disease, requiring specific modelling 
approaches [27, 28]. The proportion of disease that is smear positive may increase 
through adult ages [8]. Biological and social risk factors mean that there are typi-
cally around twice as many TB cases in men as in women [29]. Diabetes mellitus is 
a moderate risk factor for TB incidence, but forecasts of increasing diabetes preva-
lence suggest a potentially important future role in global TB epidemiology [30]. 
Smoking, indoor air pollution, and silicosis are all risk factors that may make sub-
stantial contributions to TB incidence in some locales [31, 32]. A curious, but still 
unexplained, observation is the extremely strong association of TB with body-mass 
index (BMI) [33]. Across six longitudinal follow-up studies of navy recruits in the 
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USA (2 studies), male smokers in Finland, Mass Radiography in Norway, Health 
Centres for the Elderly in Hong Kong and participants in an NHANES study in the 
USA, there was a 13.8%±0.4% reduction in TB risk per unit increase in BMI over a 
range of BMI from 17 kg/m2 to 34 kg/m2, making BMI the single best predictor of 
an individual’s relative risk of tuberculosis. Finally, through a variety of mecha-
nisms, socioeconomic status has associations with TB incidence and outcomes and 
may well be a strong influence on global TB epidemiology during a period of rapid 
economic development in many high-TB prevalence regions [34].

 Modelling TB in Individuals with HIV

 Data for Modelling

In this section, we review the ways that the individual-level effects of HIV have 
been incorporated in TB models. It is worth noting that epidemiological evidence 
often needs particular interpretations, sometimes requiring additional assumptions, 
for use in mechanistic models. This is because mechanistic models are frequently 
more specific in their representations of causality than the statistical models conven-
tionally used for analysing epidemiological data. Therefore, when incorporating 
effects which may act on one (or several) different pathways to effect, a more 
nuanced account of effect is required.

 Progression, Infection and Protection

The main way TB models include the association between HIV and TB is through 
an increased rate of progression to TB disease for individuals with HIV infections. 
However, increased rates of progression could apply solely to ‘primary progression’ 
in the first couple of years following an infection, or to subsequent ‘endogenous 
reactivation’, or to both these processes (potentially in different ways). Data on TB 
incidence in cohorts of PLHIV suggest that the incidence rate ratio for developing 
TB increases immediately after infection by a factor of around 2, and remains 
higher, increasing as immunocompetence declines to over 30. Most models in the 
literature account for an increased rate of primary TB progression in 
PLHIV.  Individual-based models and partial differential equation (PDE) models 
may include rates of progression to disease that vary continuously by time-since- 
infection. In these cases, without an enforced distinction between primary progres-
sion and endogenous reactivation, the most natural and commonly used approach is 
application of a single incidence rate ratio (IRR), which therefore elevates of both 
processes. The division between primary progression and endogenous reactivation, 
which is in any case a somewhat arbitrarily drawn distinction in practice, is further 
blurred in PLHIV when large IRRs may mean reactivation timescales are on a par 
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with primary progression rates in HIV-uninfected individuals. Taken together, aver-
aging across levels of immunocompetence, a rate of progression to TB disease in 
those with M. tuberculosis infections of 10% per year has been suggested among 
PLHIV, compared with a similar lifetime risk of progression among HIV-uninfected 
individuals [2].

Determining M. tuberculosis infection in PLHIV is particularly problematic, as 
sensitivity of both traditional tuberculin skin tests (TSTs) and newer interferon 
gamma release assays (IGRAs) is typically lower in this group due to immune dys-
function. It is therefore not possible to reliably determine whether HIV infection 
increases susceptibility to infection (as opposed to increasing progression to disease 
following infection). In models, it is usually assumed that HIV does not affect the 
risk of M. tuberculosis infection, and is a risk factor for higher TB incidence due to 
higher rates of progression to disease. The effect of HIV infection on the protection 
against reinfection disease conferred by LTBI is also poorly defined. Most models 
assume that HIV infection reduces or completely removes the protection against 
reinfection disease due to previous infection.

 Influence of CD4 Count

There are a number of motivations for including a more detailed representation of 
HIV-related immunosuppression in TB models and for formulating this in terms of 
CD4 cell count. As mentioned above, there is more than an order of magnitude 
variation in IRR among PLHIV depending on their degree of immunosuppression. 
This is substantial enough to generate secular trends in the association between HIV 
and TB at a population level as HIV epidemics have aged. The count of CD4- 
positive lymphocytes in peripheral whole blood samples (CD4 cell count) has been 
widely studied as a marker of immune suppression in PLHIV, and a guide for clini-
cal decisions. Many guidelines on when to start ART have historically been based 
on CD4 counts, and there is much surveillance and survey data on CD4 counts at 
various stages of accessing care. This means that models including CD4 count could 
examine CD4-based ART policies and draw upon a wide range of data in their 
parametrization.

A number of analyses have identified a consistent relationship between CD4 
count decline and increasing risk of TB incidence [1, 35, 36]. This relationship is 
exponential, that is a fixed decrement of 100 cells/mm3 CD4 count results in a 1.4- 
fold factor increase in the IRR for TB [36]. Thus the roughly 20% drop in CD4 cell 
count during the acute phase of HIV infection roughly doubles the risk of TB [35]. 
After the acute phase of HIV infection a person’s CD4 cell count drops linearly 
(without ART) until death implying the risk of TB increases exponentially [35].

The IRR for TB given HIV varies widely on a population level: for example, the 
incidence rate ratio for TB in those with and without HIV ranges from 7.5 in Lesotho 
to 17.5  in Zimbabwe [37]. This may partly be due to the relative importance of 
socio-epidemiological factors, e.g. IRRs for TB given HIV are typically much lower 
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for populations with generalized HIV epidemics than for populations with HIV epi-
demics driven by specific risk groups, whose members may be at elevated risk of TB 
due to other correlated risk factors amplified by assortative mixing. But this is likely 
only part of the story, and there is also substantial variation in baseline CD4-cell 
counts within and between populations [38]. Furthermore, for reasons still not 
understood, it seems that while the decline of CD4 cell counts is linear in time after 
HIV infection, the survival after infection is independent of the initial CD4 cell 
count, implying that people with a high CD4 cell count have a correspondingly 
faster rate of decline. However, this consistent exponential relationship with CD4 
decrement across a number of settings and background TB risks means the strong 
biological component of increased risk from HIV can be separated from factors that 
do not depend on CD4 count.

Using CD4 count as a measure of immunosuppression for the IRR for TB has 
several advantages. Statistical analyses of data from the CASCADE cohorts provide 
models of CD4 count progression and their determinants, as well as HIV-related mor-
tality [39, 40]. Modelling increases in TB risk through CD4 count means existing 
work on HIV natural history can be used directly in HIV/TB models, and allows TB 
models to be built on top of existing HIV model structures. There is an advantage in 
terms of parsimony: a single parameter can be used to capture the increased risk of TB 
in a variety of CD4 count compartments, by using an average implied IRR from the 
exponential model rather than separately assessing the risk for each CD4 category, 
and for models which continuously track time-since-HIV-infection or CD4 (IBMs, 
PDEs) this parametrization avoids binning into categories altogether. Incorporating 
several CD4 categories and parametrizing their TB risks via this exponential model is 
the approach most commonly used in applied models aimed at informing country 
policy. An example is the Spectrum HIV model developed by Avenir Health, which 
includes 7 CD4 categories, and the TB Impact Model and Estimates (TIME) model-
ling module that is part of the Spectrum tool and makes use of this underlying HIV 
model and the exponential model of TB risk with respect to CD4 count.

The natural history of HIV and TB are both different in children, who have much 
higher absolute CD4 cell counts that vary rapidly with age. The CD4 percentage is 
often used as an age-adjusted measure of immunosuppression. Systematic review 
and meta-analysis suggests that, as with adults, there is an exponential increase in 
the IRR for TB as CD4 percentage declines [41]. At a population level, an average 
over different levels of immunosuppression yields an IRR of around 8.

 TB Disease and Outcomes

HIV infection shifts the spectrum of TB disease away from cavitary disease towards 
smear negative and extrapulmonary disease. One consequence of this is that the 
average HIV-positive TB case is usually assumed to be less infectious per unit time 
than the average HIV-negative TB case. This is often modelled as a lower proportion 
of disease that is classified as smear-positive. The natural history of TB/HIV  without 
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TB treatment is uncertain because HIV emerged after TB treatment was available, 
however, outcomes in individuals with DR-TB that was inappropriately treated, 
expert clinical opinion and other information do paint a consistent picture of a very 
much shorter duration of disease (of the order a few months rather than the few 
years of TB in HIV-negative individuals), with very limited or no self-cure (i.e. a 
case fatality rate of close to 100%). Thus, although HIV increases the risk of TB by 
a factor of the order ten, TB disease progresses about ten times faster than in HIV-
positive than in HIV-negative people. This means that while incidence may increase 
by up to ten times prevalence remains more or less constant as first shown by Corbett 
et al. [31]

Similarly, there is little evidence on TB case-detection rates in PLHIV. One could 
quantify rates of detection by HIV-status by examining HIV-stratified 
prevalence:notification ratios from using TB prevalence survey data, however TB 
prevalence surveys are not powered for conclusions by HIV status. The usual 
assumption in modelling is that TB has the same probability of being detected 
whether HIV positive or negative, although some studies have explored differential 
case detection [42]. This reflects much higher rates of care-seeking or screening for 
TB among PLHIV to compete with their higher rates of mortality. While evidence 
to directly inform this assumption is lacking, given population HIV prevalence and 
an IRR for TB among PLHIV, this assumption does generate HIV-prevalence among 
notified TB cases in keeping with observation.

TB treatment outcomes for PLHIV are somewhat worse than those of HIV- 
negative TB patients. In reality, outcomes are worse for more immunocompromised 
patients. All other characteristics of TB disease and detection are also likely to vary 
with level of immunosuppression, though this is rarely modelled. An exception is 
Williams et al. [1], which modelled the duration of untreated TB disease as being 
shorter for lower CD4 count.

 Effects of TB on HIV

TB is one of the leading opportunistic infections listed as cause of death in PLHIV. Even 
if not fatal, it has been shown that TB disease can affect CD4 count in PLHIV and 
worsen HIV progression [43]. Finally, during some periods in some locales, TB dis-
ease has been a major route of HIV diagnosis and entry into HIV care. However, few 
studies have investigated the potential for bidirectional cross- talk between the HIV 
and TB epidemics. Most TB-focussed modelling exercises in high HIV-prevalence 
settings have used HIV incidence or prevalence as an input. This is no doubt partly 
because this requires dynamic HIV and TB models as well as specification of all their 
sources of interaction, which is challenging given the scarcity of data. It also poten-
tially reflects the sense that the level of TB in a population may not greatly affect 
survival of untreated HIV; that if the primary cause of death at some level of immuno-
suppression had not been TB, it would have been something else. However, this 
assumption is unlikely to be true, especially at higher CD4 counts.
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 Modelling Interventions

 Antiretroviral Therapy (ART)

Coverage of ART among PLHIV globally has increased rapidly since 2004, and has 
potent benefits in reducing mortality almost to levels of HIV-negative individuals [44]. 
ART also benefits as a population-level HIV preventive tool [45], via reduced proba-
bility of transmission [46]. WHO guidelines now suggest initiation of ART in PLHIV 
regardless of CD4 count [47], though historically and still in some national guidelines, 
ART initiation is recommended only once CD4 count has fallen below some threshold.

Given its power to reduce HIV incidence and HIV-related mortality, ART provi-
sion has the potential to influence TB incidence through reductions in HIV preva-
lence in populations. However, ART also has direct individual level effects on TB.

Most notably, ART reduces the incidence of TB in adults, with a hazard ratio of 
around 0.35 across all CD4 counts [48], and to a similar degree in children [41]. The 
proportionate reduction in TB incidence may be higher for adults initiated at the 
lowest CD4 counts, whose rates of TB would otherwise be highest [48]. The protec-
tion from TB appears to increase over the first few years on ART in line with mark-
ers of immune status [49, 50], and somewhat more rapidly in children [41]. However, 
TB rates in PLHIV on ART compared to HIV-uninfected adults appear to remain at 
least 4 fold higher, even after 5 years or more on ART [51].

Being on ART may shift the spectrum of TB disease back in the direction of the 
HIV-negative spectrum, likely increasing infectiousness, decreasing case fatality rate, 
and potentially allowing some degree of protection stemming from LTBI and lengthen-
ing disease duration. Most models have treated TB disease in PLHIV on ART as very 
similar or identical to TB disease in PLHIV not on ART, and transmission models have 
not considered unmasking, immune reconstitution inflammatory syndrome (IRIS), or 
drug-drug interactions [52]. TB treatment outcomes are improved in PLHIV by being 
on ART, and are comparable with those for HIV- uninfected TB patients [53].

However, regular attendance of ART clinics may well also have implications for 
TB detection rates. Aside from acting as a marker for those able and motivated to 
access care, it also signals a heightened index of suspicion for TB among both patients 
and clinicians. Conversely, ART clinics have also been suggested as the source of a 
potentially heightened exposure to TB: the Tugela Ferry outbreak of XDR TB centred 
on an ART clinic, and high rates of active TB have been found among ART clinic 
attendees [54]. These features, which may have national-level implications in high 
HIV burden settings, remain largely unexplored in modelling studies.

 Isoniazid Preventive Therapy (IPT)

Isoniazid preventive therapy (IPT) to lower the rate of progression to TB disease is 
currently recommended for 36 months in PLHIV [55]. Shorter courses of IPT have 
been shown to lower TB incidence by around 60% in PLHIV with a positive skin 
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test [56], and data comparing TB incidence for individuals on ART with that in 
those on both ART and IPT [57], and comparing TB incidence or mortality reduc-
tions from IPT in cohorts with or without ART [58] suggest IPT has an incremental 
benefit while taking ART.

While IPT has sometimes been regarded historically as protecting by clearing a 
latent infection, trial data evaluating extended durations of IPT in PLHIV (including 
those on ART) [59] and mathematical modelling fitting to data from a set of IPT 
studies in PLHIV not on ART with post-prophylaxis follow-up [60] both suggest 
that IPT is unlikely to clear M. tuberculosis infection in most PLHIV. This means 
that the risk of TB incidence after treatment cessation is likely to return to its level 
before prophylaxis, and has implications for the way IPT should be modelled in 
PLHIV (i.e. as a temporary reduction in risk). Houben et al.’s modelling also sug-
gested a higher curative effect of rifamycin-containing prophylactic regimens 
among PLHIV [60], tallying with biological understanding of mechanism.

 Improved TB Detection

Transmission models that have focussed on evaluating diagnostic algorithms within 
clinics tend to have relatively simple representations of either HIV or of the diagno-
sis process, with the focus of detail being on the complementary aspect. Most 
 frequently, the effects of changed algorithm are reflected in different rates into treat-
ment states in a compartmental model. This may neglect the true complexity of 
repeated attempts to obtain a diagnosis, diagnosis of previously treated TB and 
similar details. Sometimes these changes in transmission parameters may be derived 
from more detailed operational models of diagnostic procedures [61], or calculated 
by approximations to decision trees giving mean sensitivity, specificity and delay 
for patient types represented in the transmission model [62]. Applying simple 
changes in a detection rate (e.g. in proportion to changes in test sensitivity) without 
considering additional compartments representing pre-care-seeking infectiousness 
may exaggerate the potential for improvements in passive detection to affect 
transmission.

More active approaches to case-detection are variously-termed and understood 
(e.g. active case-finding, enhanced case-finding, systematic screening), and have 
been the subject of transmission modelling analyses in high-HIV burden settings 
(intensified case-finding, conventionally referring to screening among PLHIV, 
seems to have received less attention from transmission modellers). Periodic rounds 
of active case-finding have been modelled as mechanistically removing a proportion 
of prevalent cases each round. Often, active or enhanced case-finding is conceptual-
ized more nebulously as improved case-detection from direct efforts and potentially 
improved community awareness, and represented as increases in detection rate 
parameters. Understanding when transmission occurs on average with respect to 
care-seeking and symptoms is a crucial uncertainty that affects the relative impact 
of active case-finding interventions.
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Household contact-tracing has also been considered in these settings, typically 
using individual-based models that can naturally represent households of 
index cases.

 Infection Control

Improvements in ventilation for preventing nosocomial transmission of TB have 
been modelled by using the Wells-Riley equation and its variants, which quantify 
the reduction in infectiousness achieved by changes in ventilation rates [63]. More 
sophisticated specific approaches have been used to model the impact on ventilation 
of specific changes to buildings [64], and of upper room ultraviolet germicidal irra-
diation [65], but this has yet to be combined with transmission modelling in high- 
HIV burden settings.

 Population-Level Impacts

In this section, we review the mathematical modelling literature that has included 
explicit representation of TB transmission and of the effect of HIV on TB epidemi-
ology. We have divided the literature into work describing the influence of HIV on 
TB epidemics that does not evaluate the impact of interventions, and work whose 
main focus is in evaluating single or multiple interventions that reduce TB burden. 
In focussing only on modelling work that includes transmission, we have excluded 
a substantial body of work evaluating the individual-level impact and cost- 
effectiveness of TB interventions among PLHIV (e.g. some of the work on IPT, 
diagnostic approaches). We have also included some work focussed on modelling 
the transmission process in high-HIV burden settings (e.g. using Wells-Riley 
approaches), but which does not use a transmission model (in the usual sense) to 
propagate the consequences of this transmission. In writing this section, we have 
drawn on a systematic review of the TB/HIV modelling literature up to 2012 [66], 
and updated it using the same search terms. See Fig. 3 for temporal trends in number 
and topic of these publications.

There are several key points that determine the way in which one models HIV- 
related TB. First of all, standard TB models for modelling HIV-negative TB can be 
used even in the presence of a substantial HIV epidemic TB because HIV has a 
much larger impact on TB incidence than prevalence, and therefore transmission. 
Secondly, the time-scales for HIV are of the order of years but for TB are of the 
order of decades which allows the separation of the models. Given a model of TB 
that fits the data before the epidemic of HIV starts, simple approaches need only a 
few additional parameters to include TB/HIV: a parameter (around 2), which gives 
the increase in the risk of TB immediately after infection with HIV; a parameter 
which gives the relative risk of TB when HIV-positive people are on ART; and a 
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parameter specifying the exponential rate of increase in TB incidence as people 
progress to successive clinical stages of HIV, which may differ between populations 
to account for the substantial variation in the incidence rate ratio in different popula-
tions. A detailed discussion of these observations is given in the supporting informa-
tion of Williams et al. [37]

 Population-Level Impact of HIV on TB Epidemics

The earliest papers using modelling tools to understand TB/HIV epidemics focussed 
on drawing attention to the threat posed by HIV to TB control and making estimates 
of the increases in TB incidence due to HIV. Bermejo et al. [67] in 1992 used a 
simple mathematical model and ecological data on associations between HIV and 
TB to conclude that TB incidence would double going forward when adult HIV 
prevalence hit 13%. Schulzer et al. [68] in the same year concluded that the TB 
incidence in 15–45 year olds was likely to increase by factors of between 4 and 12 
by the year 2000 compared to 1980, depending on the baseline annual risks of 
M. tuberculosis infection, and projected HIV prevalence. Dolin et al. [69] in 1994 
generated TB burden forecasts for 1990–1999, projecting 88 million new TB cases 
for this period with 10% of them HIV associated. The same year, Schulzer et al. [70] 
introduced a more sophisticated actuarial back calculation approach, and projected 
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2–6 fold increases in TB incidence in sub-Saharan African populations by 2000 
compared with 1980. These predicted increases are in line with those observed over 
the period. Later, in their 2003 review of global TB/HIV epidemiology, Corbett 
et al. [2] used simple mathematical tools to interpret data that were subsequently 
very influential in the applied TB/HIV modelling literature.

The first article to introduce a traditional compartmental transmission model 
based on ordinary differential equations (ODEs) was Massad et al. [71] in 1993. 
This work was in a dynamical systems and mathematical biology tradition, but did 
conclude that the influence of HIV on TB at a population level was much stronger 
than the other way around. Other authors followed in this vein, exploring the stabil-
ity properties of systems of ODEs motivated as TB/HIV models, but with a focus 
more on mapping out possible behaviours of the abstract dynamical systems than 
closely tying the models to a real setting or settings [71–73]. (Naresh et al. [72] is 
notable and unusual for considering the population-level impact of TB on HIV, 
however.) Kapitanov [74] introduces and analyses a PDE model, separately includ-
ing time-since-infection for HIV and M. tuberculosis.

Authors beginning with Basu et al. [75] in 2008 have followed a population biol-
ogy tradition and focussed on the potential impact of HIV for the evolution of TB, 
especially DR-TB. This first article considered cross-immunity between TB strains 
in a multi-strain HIV/TB model, and highlighted the potential for HIV to promote 
the emergence of DR-TB at a population-level by compensating for reduced fitness 
in DR-TB strains. In a later paper Basu et al. [76] consider the evolution of TB viru-
lence, again concluding that HIV may facilitate increased virulence. Sergeev et al. 
[77] agree that HIV can facilitate DR-TB epidemics, but explore the dynamics of 
the relationship between HIV and DR-TB, predicting a lower proportion of DR-TB 
among PLHIV early on in DR-TB epidemics due to enhanced reactivation of older 
strains in this group.

Models have also been used to explore the influence of HIV on stochastic aspects 
of TB incidence in small communities or lower burden settings. In 2001, Porco et al. 
[78] used discrete event simulation (DES) to study the influence of HIV on the fre-
quency and severity of TB outbreaks. Murray et al. [79] included HIV in their analy-
sis of the determinants of molecular cluster size. More recently, Pretorius et al. [80] 
used a van Kampen expansion to explore the effects of stochasticity in a TB model 
applied to a medium size high-HIV community, and examined the temporal correla-
tions for active TB cases.

Another strand of work has made use of the classical Wells-Riley model of indoor 
transmission and ventilation to interpret experimental work on the relative infectious-
ness of TB in PLHIV [81], to consider the role of household transmission in generat-
ing observed acute respiratory illnesses (ARI) in South Africa [82], and arguing 
implications at the population-level and a necessity for more-than-proportionately 
intense interventions in intense transmission settings (again focussed on South Africa) 
[83]. Andrews et al. [84] have modelled the implications of data on social contact pat-
terns, and CO2-derived measures of ventilation, for the location of TB transmission in 
South Africa, singling out the role of public transport in another study [85]. Dodd 
et  al. [86] also make use of social contact data (from Zambia and South Africa), 
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together with data on TB prevalence and infection rates, to model the age- and sex-
specific rates of TB infection, arguing ARI measured in children under-estimates that 
experienced by adults.

Lastly, transmission models have been used to interpret the patterns and trends in 
epidemiologic data from high-HIV burden settings. In 2006, Hughes et al. [87] used 
a DES model calibrated to Zimbabwe, to understand the impact of HIV on the TB 
epidemic there. In an intriguing article, Sanchez et al. [88] fitted a difference equa-
tion model of HIV and TB in sub-Saharan African settings, notably Kenya, high-
lighting the difficulties of matching the observed trends and exploring potential 
reasons for discrepancies. Blaser et al. [89] developed an age-structured TB/HIV 
model calibrated to Cape Town in order to understand the epidemiology. They con-
clude that protection from LTBI and higher progression rates in previously treated 
individuals are key in being able to reproduce age-patterns of TB. Finally, Pretorius 
et al. [90] developed a regression methodology to model the influence of population 
CD4 changes on TB incidence and is used to disaggregate TB incidence by CD4 
stratum in the TIME model (part of the Spectrum model suite for country-level 
estimation of TB/HIV mortality burden).

 Population-Level Impact of Interventions

A number of studies considering the impact of interventions on TB/HIV have 
appeared in the mathematical literature. Agusto et al. [91] considered optimal con-
trol theory applied to a two-(TB)strain TB/HIV ODE model. Kaur et al. [92] studied 
an ODE TB/HIV model that includes abstractly defined screening and treatment 
interventions from a dynamical systems perspective. Sharomi et al. [93] also applied 
dynamical systems analysis to a TB/HIV ODE model, but with more explicit repre-
sentation of intervention strategies including ART. The study of Bacaër et al. [94] is 
more realistic, and calibrates an TB/HIV ODE model to a specific (South African) 
setting. Interventions for HIV including ART and condom use promotion, as well as 
IPT for TB are considered: ART was predicted to strongly reduce TB notifications.

Motivated by the 2006 outbreak of XDR-TB in Tugela Ferry, South Africa, in 
which ART clinics appeared to play a key role, Basu et al. [63] use an TB/HIV ODE 
model including drug-resistant TB to model intervention strategies to reduce noso-
comial transmission of TB, concluding that a combination of strategies could pre-
vent around half of XDR cases. It was shown that the outbreak of XDR-TB in 
Tugela Ferry was largely due to nosocomial transmission resulting from poor infec-
tion control in a clinic with very high rates of both HIV and TB [95]. Basu et al. [96] 
went on to consider this with a stochastic model appropriate to the relatively small 
numbers of this outbreak situation, concluding that community- based interventions 
would be needed to curtail the outbreak. Later Basu et al. [97] considered the role 
of institutions such as prisons in amplifying TB epidemics, and argue that reducing 
the inflow to these institutions would have impacts on both TB incidence and the 
propagation of drug-resistant TB.

Modelling the HIV-Associated TB Epidemic and the Impact of Interventions Aimed…



44

A number of studies have considered IPT. In keeping with our scope, we discuss 
only those including transmission; it should be noted that IPT in PLHIV has been 
the focus of a similar number of static cost-effectiveness modelling analyses. In 
1993, Heyman [98] considered the impact of HIV on TB in HIV-hyperendemic settings 
with low TB treatment coverage, and the impact of preventive therapy (assumed 
curative) aimed at PLHIV, suggesting a large reduction in prevalence could result 
over a decade. In 2004, Guwatudde et al. [99] developed an TB/HIV ODE model 
and concluded that IPT for PLHIV would have a limited impact on the TB epidem-
ics of sub-Saharan Africa. In 2006, Cohen et al. [100] also modelled IPT for PLHIV 
in sub-Saharan Africa and found a greater potential for this intervention, with up to 
around 20% of cumulative HIV deaths preventable through this strategy over a 
5-year period. However, they also found a potential for increases in drug- resistant 
TB, and argued that IPT should therefore be coupled with improved diagnostic and 
treatment options. Basu et al. [101] specifically consider IPT delivered through ART 
clinics in Botswana, found that increases in resistance were small and more than 
counterbalanced by reduced TB incidence and mortality. Mills et al. [102] intro-
duced a dual-network model - one network for contacts relevant to HIV transmis-
sion, a second network with contacts relevant to TB transmission - and investigated 
the role of correlations between these structures in generating heterogeneity in the 
impact of IPT. IPT was found to be effective at a population-level, but networks 
with clustering of HIV and TB transmission in intense foci had reduced local impact 
from IPT due to high rates of TB reinfection. Kunkel et al. [103] calibrated a multi-
strain TB model with HIV to data from Botswana and consider the health benefits 
and resistance dynamics resulting from continuous IPT for PLHIV. They find health 
benefits outweigh concerns around increased resistance, so long as sufficient con-
trol is maintained for the overall TB epidemic.

Various studies have used modelling to evaluate TB case finding in high-HIV 
burden settings, including both improvements in passive case detection and cure 
under the DOTS strategy, and through active case finding. The early paper of Dye 
et al. [4] projected the global and regional impact of the DOTS strategy (focussed on 
case detection and treatment success) and included HIV. They concluded that DOTS 
has a greater impact on mortality than incidence and that this difference is heightened 
in settings where HIV is prevalent. Baltussen et al. [104] built on the work of Dye 
et al. [4] to evaluate the cost-effectiveness of DOTS and DOTS-plus on a regional 
and global level. Laxminarayan et al. [105] undertook a later global country- level 
economic evaluation of sustaining DOTS, finding that the benefits exceeded costs in 
all of the (then-designated) 22 high TB-burden countries. Sanchez et al. [106] con-
sidered increased detection as well as decreased LTFU and higher cure of shorter 
regimens for PLHIV in a transmission model calibrated to the epidemiology of 
Kenya, projecting a 20% reduction in TB incidence and mortality by 2030 for these 
interventions in combination. Dowdy et al. [107] considered the effects of improve-
ments in case detection on TB incidence, finding that declines in TB incidence reduce 
over time since an improvement in case-detection. Dodd et al. [42] considered what 
features affect periodic active case finding for TB in high-HIV burden settings using 
a PDE model, and allowing different baseline detection  characteristics for HIV-
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positive and HIV-negative TB cases. For a given case-finding round efficacy, the 
impact is higher in settings where a higher proportion of TB incidence is due to 
recent infection. Mellor et al. [108] used an individual-based household-structured 
model based on data from Zimbabwe to consider the impact of different household 
contact tracing (HHCT) interventions to screen for TB disease and offer IPT, and 
found HHCT for late-stage HIV-positive individuals was particularly effective in 
reducing mortality. Yaesoubi et  al. [109] considered optimal dynamic rules for 
switching on and off active or enhanced TB case finding efforts in addition to passive 
case finding given a decision rule based on a policy-make willingness- to-pay thresh-
old, concluding that dynamic strategies are more efficient and therefore potentially 
more feasible and sustainable in practice than fixed case- finding strategies. Lastly, 
Azman et  al. [110] consider the cost-effectiveness of active case-finding in three 
countries, including South Africa, concluding that the modelled intervention would 
be cost-effective in South Africa, and that active case- finding strategies have greater 
cost-effectiveness when considered over longer time horizons.

The impact of different diagnostic strategies in HIV-driven TB epidemics has 
also been considered. Dowdy et al. [111] in 2006 considered the impact of rapid 
molecular testing or culture compared to active case-finding or wider ART use; find-
ing that while improved diagnostic strategies only moderately reduce TB incidence 
(by around 10%), their effect on TB mortality is larger (around 20%). Dowdy et al. 
[62] introduce a transmission modelling framework focussed on diagnostic strate-
gies, which did include a simple aggregate representation of HIV. Menzies et al. 
[112] undertook a rigorous economic evaluation of Xpert MTB/RIF in five southern 
African countries, using a TB transmission model that included the effects of 
HIV. This analysis too found limited impacts on TB incidence, but benefits in terms 
of TB mortality and morbidity. Longer time horizons favoured the intervention 
because they allowed indirect benefits to accrue. Another stream of modelling work 
has sought to integrate operational research models of practical implementation 
details and workflows with transmission models for evaluating new diagnostics in 
high TB (and high HIV) burden settings [61, 113, 114]. For example, Langley et al. 
[61] also evaluated Xpert (together with fluorescence LED microscopy) in Tanzania, 
finding Xpert to have the greatest cost and impact, and allowing estimation of quan-
tities such as reductions in patient visits to health facilities.

ART for HIV is one of the key interventions whose impact on TB in high-HIV 
burden settings has been considered. In 2003, Williams et al. [35] developed a cohort 
model and brought evidence together on the efficacy of ART for preventing TB and 
the incidence rate ratio for TB at different CD4 counts, highlighting the importance 
of starting ART early and achieving high coverage and compliance in reducing 
cumulative TB incidence. In Williams et  al. [115], a transmission model with a 
4-stage HIV structure was used to project the impact of HIV on the Indian TB epi-
demic, finding that continued progress with TB control activities should contain the 
impact of HIV, but recommending ART to PLHIV who develop TB. The evidence on 
the individual impact of CD4 cell count and ART on TB risk was updated in Williams 
et  al. [1] and incorporated in a TB/HIV model applied to 9 sub-Saharan African 
countries to investigate the impact of a ‘universal test-and-treat’ (UTT) HIV control 
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strategy on TB. UTT comprises frequent HIV testing at high coverage followed by 
immediate ART initiation, and has been projected to have the potential to reduce HIV 
incidence by reducing the infectiousness of PLHIV [116]. This study included the 
impact of aggressive ART beginning in 2010 on HIV incidence, and predicted a 
potential reduction in TB/HIV by more than 50% by 2015; strategies achieving ART 
initiation within 2 years of HIV infection led to more than 95% reductions in TB/
HIV by 2050. The approaches to modelling the relationship between TB and HIV 
introduced in these papers, confirmed by more recent evidence synthesis [36], have 
been very influential on other modelling approaches to TB/HIV.

Some work on the impact of ART on TB has included work in a mathematical 
tradition such as Bhunu et al. [117], who pursue a dynamical systems analysis of an 
TB/HIV model including ART, and Bacaër et al. [94], discussed above. Dodd et al. 
[118] caution that the still-high relative risks of TB on ART and the longer life- 
expectancies imply that long-term reduction in TB from ART must be mediated by 
reductions in HIV incidence or background population risks of TB. Pretorius et al. 
[119] report results from three independent models assessing the impact of ART 
policy changes in South Africa over the period 2014–2033, finding expanded cover-
age and universal eligibility could reduce cumulative TB incidence and mortality by 
around 20% and 30%, respectively over this period, with one TB case averted for 
every person-decade or so on ART.

In addition to the studies focussed on ART discussed here, many of the models 
considering combinations of interventions (discussed below) have included ART as 
a component of their policy options, alongside other interventions. Currie et  al. 
[120] consider three interventions to prevent TB in Uganda, Kenya and South 
Africa - namely IPT, ART, and reduced HIV transmission - with curative interven-
tions (improved TB case detection and treatment success). They found the largest 
impacts on TB from curative interventions, but cautioned that alone they were able 
to contain but not reverse TB epidemics. Currie et al. [121] built on this work to 
consider the cost-effectiveness of interventions in Kenya, finding that improve-
ments in TB detection and cure were extremely cost-effective, but noting that ART 
policies had the largest potential for general health gains, while being the most 
expensive and relatively expensive measured as a TB-prevention strategy. 
Chindelevitch et al. [122] compared wider ART provision and improvements to TB 
control for improving TB control in South Africa, finding that expanded coverage of 
the TB programme had the greatest potential for impact on TB, but suggesting a 
potential 22% reduction in cumulative TB incidence over 5 years from expanded 
ART eligibility. Knight et al. [123] also considered South Africa, using an individual- 
based model to evaluate portfolios of interventions including expanded ART, long- 
duration IPT, and active case finding for achieving the national targets to find that 
the most aggressive combination considered could result in TB incidence and mor-
tality rates that were 70% and 86% lower than those in 2012. The most effective 
single intervention was general-population active case finding for TB, whereas 
improvements in ART had more modest impacts: UTT alone generated around a 
20% reduction in TB incidence. Gilbert et al. [124] considered a combination of 
intervention strategies in rural South African settings, including ART, IPT, and a 
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community-based integrated intensified case finding strategy for HIV and TB. The 
intensified case finding was found to be the single most effective intervention for TB 
incidence, with around a 25% reduction over 10 years and a comparable impact on 
combined TB and HIV mortality as expanded ART policies. Gilbert et al. [125] built 
on this to evaluate the projected cost-effectiveness of their intensified case finding 
strategy, finding it cost-effective in rural South Africa.

A number of studies recently have gathered multiple modelling teams together to 
address the same question. The study of Pretorius et al. [119], discussed above, was a 
result from a multi-modelling study focussed on ART policies for HIV [126]. In 2016, 
Houben et al. [127] undertook a study with 11 different models focussed on 3 coun-
tries to assess approaches to meeting the End TB strategy goals. South Africa was one 
of the countries considered by the 8 models including the necessary HIV structure for 
this context, and it was found that a combination of continuous IPT for PLHIV on 
ART, TB screening at health facilities, and improved TB care could reduce TB inci-
dence and mortality in 2025 by 55% and 72%, respectively, compared with 2015.

Finally, a number of country-level TB modelling tools are being developed to 
undertake national policy analyses, often for informing applications for support 
from the Global Fund to Fight AIDS, Malaria and Tuberculosis [128, 129]. For 
example, the TIME model is built into the widely-used Spectrum suite of models, 
which have a heavy emphasis on HIV policy, and has been applied to a number of 
high-HIV burden countries. Most of the outputs from this work have yet to be 
described in peer-reviewed literature.

 Discussion

 Uses and Achievements of Modelling

One of the key uses of TB/HIV epidemic modelling has been as a tool to understand 
the drivers of epidemiological patterns and project the effects of HIV on TB epi-
demics. Some of the early studies were based on simple models but provided impor-
tant insights. The first projections of the effect of HIV on TB incidence proved 
broadly correct, and the understanding that the association between TB and HIV is 
a dynamic one, driven by mean population immune status is also borne out by 
observation. Early fears that TB in PLHIV might be more infectious than in HIV- 
uninfected individuals proved wrong, and together with the much shorter duration 
of TB/HIV compared with TB in HIV-uninfected individuals means that even in 
settings where the majority of incident TB is HIV-associated, it will still often be the 
case that TB in the HIV-negative population drives the majority of transmission. 
This implies that efforts to strengthen TB control in these settings must also 
 encompass the HIV-negative population, while recognising the special challenges 
of TB/HIV from increased risks of mortality and different clinical presentation.

Modelling work has also established the potential for HIV to have a facilitating 
effect on the development and establishment of DR-TB in populations; the impaired 
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host immune responses compensating for reductions in pathogen transmission fit-
ness or virulence. Modelling has also explored the role of ART clinics in facilitating 
TB, and particular DR-TB transmission in the wider community.

Understanding the impact of new or existing interventions and prioritizing their 
future development has also been an important area where models have been useful. 
The application of modelling to IPT in PLHIV is a good example of understanding 
existing interventions: data from randomized studies are often analyzed at an indi-
vidual level; sometimes transmission effects and the potential for reinfection with 
M. tuberculosis may have a bearing on the interpretation of results from individual- 
level trials. Modelling has been particularly influential in investigating the potential 
for impact from innovative strategies that have not yet been trialled at population 
level. HIV modelling provided some of the evidence supporting the policy shifts to 
universal ART provision, and related TB modelling has studied the potential for 
additional benefits from these policies effects on the TB epidemic. Modelling stud-
ies are able to explore more interventions, intervention variants, and combinations 
of interventions than would ever be possible to trial in empirical studies, thus help-
ing to prioritize and design interventions to take forward for empirical evaluation.

Models of TB/HIV are also increasingly being used to guide policy and invest-
ment decisions, including both epidemiological impact from changes in TB trans-
mission and the costs and benefits needed to generate health economic evaluations 
of policy options. Multiple models have been applied to harmonized scenarios in 
specific settings, particularly with the aim of establishing a consensus about ingre-
dients needed to move towards TB control targets using current tools. Practical use 
of country-level modelling of TB in high-HIV burden settings to support policy 
design and applications for donor funding has also been increasing. This is an 
important area of work that is as yet less documented in the academic literature.

 Future Directions

For a combination of serious conditions that afflicts in the region of 1 million people 
in the world each year, TB/HIV has not received the attention from epidemiological 
modellers that it should have. This is perhaps due to the genuine complexity of deal-
ing of the interactions between two conditions which each have their own complexities 
in terms of epidemiology, natural history, and control policies. However, it means 
that there are many areas where modelling could be usefully applied going forwards.

More could be done to use modelling as a tool to understand epidemiology and 
the performance of control efforts. ART has scaled up hugely over the last decade; 
modelling using routine and study data could be used more to understand the 
 long- term impact of ART on TB/HIV epidemiology and chart its likely future 
course. This may require increasing attention to interactions with other societal fea-
tures that are rapidly changing in high-HIV and TB burden settings, such as urban-
ization, improvements in nutritional status, and increasing prevalence of diabetes 
mellitus. Modelling has been used in conjunction with social contact data and 
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 ventilation data to assess likely contributions of particular locales to TB transmis-
sion, and the impact of infection control interventions aimed at particular hot-spots; 
more work in this area would help improve our knowledge of an important but 
poorly- understood aspect of TB epidemiology and potentially suggest relatively 
easily- implemented interventions.

Finally, some workers have begun to include the operational details of health 
systems and care provision in models, and there is an increasing demand for these 
details that mesh with the level where design decisions are taken and where costs- 
accrue. Developing such models presents challenges in terms of the range of exper-
tise required by the teams involved, but also in terms of modelling techniques for 
combining models that may have very different emphases and ideal approaches to 
implementation separately. Increasing availability of electronic health records may 
also make easier the job of parametrizing the health system aspects of such models.

 Conclusion

Population-level modelling of TB in high-HIV burden settings has helped bring 
together a wealth of understanding around TB/HIV natural history, epidemiology 
and interventions to provide important insights into the implications for TB trans-
mission and control. Increasingly, models are being used to guide policy and invest-
ment decisions at a country and supranational level. TB/HIV remains a substantial 
global health concern, and important questions and challenges remain to be 
addressed by transmission modelling.
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