
Key considerations for incorporating heterogeneity 
into models of  TB detection, transmission  

and intervention. 

Sourya Shrestha, Johns Hopkins School of  Public Health 

TB MAC/WHO Task Force Annual Meeting 
  Glion, Sep 21, 2017 



Contribution: 
• David Dowdy & Parastu Kasaie (Hopkins) 
• Violet Chihota & Gavin Churchyard (Aurum Institute) 
• Alison Grant & Richard White (LSHTM)

Funding: 
• Aeras Foundation 
• Canadian Institutes for Health Research

Acknowledgements



Motivation

TB is heterogenous — factors that drive (and/or are associated with) 
could be geographic, demographic, socio-economic, immunological/
biological, etc.  

Targeted campaigns/interventions that leverage these heterogeneities 
could be relatively more effective in case detection/incidence 
reduction.



Motivation
μ0 represents the background mortality rate, μh represents the
HIV-related mortality rate (0 if h = 0 and μ1 if h = 1), and and
hivhg (Eq. S8) represents HIV incidence.
Recovered/treated individuals enter through diagnosis and

treatment (or spontaneous recovery) of active TB and exit through
relapse, reinfection, and mortality. HIV infection causes transfer of

individuals fromtheHIV-negative totheHIV-positivecompartment.
The following equations are used to calculate quantities in the

above primary model equations:
Force of infection (λ):

λg ¼
!
βg=zg

"
∗
#
Ag0 þ ri ∗Ag1

$
þ
!
βg′=zg′

"
∗ rt ∗

#
Ag′0 þ ri ∗ Ag′1

$
;

[S6]

where βg is the transmission parameter for geographic region g, zg
represents the proportion of the total population living in region
g (i.e., density-dependent transmission), ri represents the relative
infectiousness of HIV-infected (vs. HIV-uninfected) TB cases
(e.g., lower proportion of smear-positive disease), and rt repre-

sents the relative transmission of TB across (vs. within) geo-
graphic regions. In this equation, g′ represents the opposite
geographic region. Thus, in evaluating the force of infection for
the hotspot (λ1), g = 1 and g′ = 0.
Summed mortality:

where μ0 is the baseline mortality, μ1 is the HIV-associated

mortality, and μTBh is the mortality associated with TB according
to HIV status.
HIV infection

hivgh ¼ φ if g ¼ 0 and h ¼ 0;
¼ −φ if g ¼ 0 and h ¼ 1;
¼ rh ∗ φ if g ¼ 1 and h ¼ 0;
¼ −rh ∗ φ if g ¼ 1 and h ¼ 1;

[8]

where φ is the HIV incidence rate and rh is the relative HIV
incidence in the hotspot vs. the general population.
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Fig. S1. Map of Rio de Janeiro bairros. This map shows all 159 bairros of Rio de Janeiro. The bairros corresponding to the three TB transmission hotspots are
shown in color, as described in SI Materials and Methods. Map courtesy of the government of the City of Rio de Janeiro.
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The importance of high-incidence “hotspots” to population-level
tuberculosis (TB) incidence remains poorly understood. TB inci-
dence varieswidely across countries, butwithin smaller geographic
areas (e.g., cities), TB transmission may be more homogeneous
than other infectious diseases. We constructed a steady-state com-
partmental model of TB in Rio de Janeiro, replicating nine epidemi-
ological variables (e.g., TB incidence) within 1% of their observed
values.We estimated the proportion of TB transmission originating
from a high-incidence hotspot (6.0%of the city’s population, 16.5%
of TB incidence) and the relative impact of TB control measures
targeting the hotspot vs. the general community. If each case of
active TB in the hotspot caused 0.5 secondary transmissions in the
general community for each within-hotspot transmission, the 6.0%
of people living in the hotspot accounted for 35.3% of city-wide TB
transmission. Reducing the TB transmission rate (i.e., number of
secondary infections per infectious case) in the hotspot to that in
the general community reduced city-wide TB incidence by 9.8% in
year 5, and 29.7% in year 50—an effect similar to halving time to
diagnosis for the remaining 94% of the community. The impor-
tance of the hotspot to city-wide TB control depended strongly
on the extent of TB transmission from the hotspot to the general
community. High-incidence hotspots may play an important role in
propagating TB epidemics. Achieving TB control targets in a hotspot
containing 6%of a city’s population can have similar impact on city-
wide TB incidence as achieving the same targets throughout the
remaining community.

infectious disease transmission | theoretical models | urban population |
epidemiology | communicable disease control

Tuberculosis (TB) remains a leading infectious cause of mor-
bidity and mortality, with over 8.8 million cases and 1.4 million

deaths annually worldwide (1). TB is known to cluster in hyper-
endemic “hotspots” often characterized by crowding (2), poverty
(3), HIV infection (4), and other social determinants (5). However,
compared with other infectious diseases [e.g., sexually transmitted
diseases (6) and vector-borne diseases (7)], where 20% of the pop-
ulation may generate 80% of transmission (7), TB transmission
appears relatively more homogeneous. As a result, though spatial
targeting is often advocated as an efficient method for achieving
control of diseases such as malaria (8), the degree to which hot-
spots contribute to community-wide transmission of TB remains
uncertain. The concept of geographically defined hotspots driving
TB transmission has biological plausibility. Preventing TB cases in
high-transmission areas (e.g., crowded urban slums, poorly venti-
lated hospitals) may avert many more secondary transmissions
than similar efforts in low-transmission areas. Similarly, cases in
high-transmission areas are more likely to represent recent in-
fection (which is more amenable to intervention) than reactiva-
tion of latent disease (9). Prior explorations of heterogeneity in
TB transmission (10–12) have studied the relative importance of
TB reinfection vs. reactivation, but have not explicitly evaluated
the contribution of hotspots to broader TB epidemics and their
control. Rio de Janeiro boasts substantial geographic heteroge-
neity in TB incidence, high-quality surveillance data, and, due to
the upcoming Olympics and World Cup, active efforts to disrupt

the social underpinnings (e.g., drug trade) contributing to TB
transmission (13). Thus, we constructed a mathematical model of
TB transmission in Rio de Janeiro to explore the importance of
geographic hotspots to community-wide TB control.

Results
In this simplified model of TB transmission in Rio de Janeiro
(Fig. 1), a subpopulation (hotspot) comprising 6.0% of the city’s
population accounted for a disproportionate amount of ongoing
TB transmission. If each case of active TB in the hotspot caused
0.5 secondary transmissions in the general community for each
secondary transmission within the hotspot (i.e., a randomly se-
lected resident of the hotspot was 32× more likely to be infected
by a case of active TB in the hotspot than a randomly selected
resident of the general community), the hotspot accounted for
35.3% of all TB transmission in the city (Fig. 2). When the relative
risk of transmission within the hotspot relative to the general
community was lowered from 32 to 20, ongoing transmission in
the community became dependent on the hotspot (i.e., R0 <1 in
the community). Under these conditions, reducing rates of TB
transmission in the hotspot to those in the general community was
sufficient to eliminate TB from the population in the long term.
By contrast, when no transmission events were assumed to occur
between the hotspot and the general community, the hotspot
accounted for 19.4% of ongoing TB transmission (Fig. 2). The
common modeling assumption of geographic homogeneity in TB
transmission (i.e., relative risk of 1.0 on the x axis of Fig. 2) was
grossly untenable; if hotspot-to-community transmission is even
one-sixth as likely as hotspot-to-hotspot transmission, the hotspot
accounted for all TB transmission in the community.
Under the baseline scenario (0.5 hotspot-to-community trans-

missions for each hotspot-to-hotspot transmission), TB control
interventions carried out only in the hotspot (6% of residents)
had a similar impact on city-wide TB rates as the same interven-
tions deployed to the remaining 94% of the population in the
general community (Fig. 3). For example, we considered an in-
tervention resulting in a 50% reduction in time to treatment (e.g.,
household case-finding that detects all TB cases twice as quickly
as passive case-finding). Carried out in the hotspot alone, this
intervention reduced city-wide TB incidence by a mean 1.6% per
year over the first 5 y, and by 25.4% by the end of year 50 (Fig. 3,
light blue line). By contrast, when applied to the remaining 94%
of the population, the intervention reduced city-wide TB in-
cidence by 2.5% per year over the first 5 y, and 28.5% by year 50
(Fig. 3, red line).
Reducing TB transmission rates in the hotspot to those in the

general community (Fig. 3, green line) reduced city-wide TB
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prevalence [12,31–33], which have not, to date, been summarized
in a systematic review or meta-analysis.

Low BMI was calculated to have the highest PAF at 34.2% in
the lowest wealth category, followed by IAP with a PAF of 28.5%,
and cigarette smoking with a PAF of 16.0% (Table 2). Low BMI
also had the largest PAF at 20.3% among the wealthiest category.
Diabetes was the only risk factor that was predicted to have a
greater impact in the wealthier strata, with a PAF of 4.0%.

PCA transformed 20 out of 21 variables into the following six
uncorrelated components (Table 3); 1) protein intake; 2) educa-
tional achievement; 3) tobacco use, alcohol use and male gender;
4) rural setting, exposure to indoor air pollution and health
insurance; 5) intake of fresh produce, and 6) BMI, anemia, milk
intake and DM. (For this component, anemia was negatively but
strongly correlated with BMI, milk intake and DM and that this
component therefore likely reflects dietary fat/protein intake). A
full list of variables initially included in the PCA, the rotated factor
pattern, and the percent of explained variance accounted for by
the retained components are included in Table S1A–C in
Appendix S1.

Table 4 shows that principal component 6 (BMI, anemia, milk
intake and DM) has the greatest relative mediation effect
(RME = 11.9%, p = 0.019) on the impact of poverty on TB
prevalence. Although Component 2 (educational achievement)
also had an RME value of 6.6%, this effect was not statistically
significant.

Discussion

DHS data shows that members of the poorest quintile in India
are at a 5.5-fold higher risk for self- reported prevalent TB than
those in the wealthiest quintile. The TB prevalence rate of 1105
per 100,000 in this group exceeds those estimated in high HIV
burden populations like South Africa where the national
prevalence of TB was reported to be 782/100,000 in 2009 [1]
and the prevalence of HIV is 18% [34]. In contrast, the HIV
prevalence among the poorest quintile in India was only 0.4%.
Almost all known TB risk factors were more common among the
Indian poor, with the notable exceptions of DM and HIV. Those
in the poorest strata frequently share multiple risk factors for active
TB, substantially increasing their risk. Among the 49% of the
poorest quintile who share the two risk factors, low BMI and
indoor air pollution, TB risk is increased almost 5 fold compared
to the less than 1% in the same strata without either risk factor
(results not shown). Low BMI was found to have be the strongest
mediator of the association between TB and poverty, and was
responsible for the largest PAF for TB in all income levels with
biomass fuel exposure a close second in all but the wealthiest sector
of the population.

The finding that the poor have many overlapping risk factors for
TB is supported by various theoretical models described in the
literature [15,16]. Changes to structural determinants of TB
epidemiology at a global level (including population mobility,
rapid urbanization and population growth) have given rise to an
unequal distribution of many of the social determinants considered

Figure 1. Self Reported TB prevalence (per 100,000) by wealth quintile.
doi:10.1371/journal.pone.0047533.g001
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Abstract

Background: Although poverty is widely recognized as an important risk factor for tuberculosis (TB) disease, the specific
proximal risk factors that mediate this association are less clear. The objective of our study was to investigate the
mechanisms by which poverty increases the risk of TB.

Methods: Using individual level data from 198,754 people from the 2006 Demographic Health Survey (DHS) for India, we
assessed self-reported TB status, TB determinants and household socioeconomic status. We used these data to calculate the
population attributable fractions (PAF) for each key TB risk factor based on the prevalence of determinants and estimates of
the effect of these risk factors derived from published sources. We conducted a mediation analysis using principal
components analysis (PCA) and regression to demonstrate how the association between poverty and TB prevalence is
mediated.

Results: The prevalence of self-reported TB in the 2006 DHS for India was 545 per 100,000 and ranged from 201 in the
highest quintile to 1100 in the lowest quintile. Among those in the poorest population, the PAFs for low body mass index
(BMI) and indoor air pollution were 34.2% and 28.5% respectively. The PCA analysis also showed that low BMI had the
strongest mediating effect on the association between poverty and prevalent TB (12%, p = 0.019).

Conclusion: TB control strategies should be targeted to the poorest populations that are most at risk, and should address
the most important determinants of disease—specifically low BMI and indoor air pollution.
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Introduction

With 9 million incident cases and 2 millions deaths reported in
2009, Tuberculosis (TB) continues to cause significant morbidity
and mortality, especially in the low and middle income countries
(LMIC) identified by the World Health Organization (WHO) as
the 22 ‘‘high burden’’ nations [1]. While TB incidence has
declined in most regions of the world, the slow pace of progress has
prompted a search for new targets for interventions [2]. Recent
work suggests that, on a national level, TB trends track more
closely with social and economic indicators than with measures of
TB control activities [3,4]. These data imply that the targeting of
interventions to the most vulnerable groups may be necessary to
speed progress toward elimination of this scourge.

There is substantial evidence that poverty is a determinant of
TB, both at the macro-scale and in individual and hierarchical
analyses. Janssens and Rieder documented a linear association
between per capita GDP [5] and TB incidence, and Dye found
that the country level human development index was a strong
predictor of changes in TB incidence over time [4]. Although
several studies report discrepant findings [6–8], most analyses of

data have confirmed the positive association between household
and area poverty indicators and TB in such diverse settings as
South Africa [9], Brazil [10], Vietnam [11] and Zambia [12].
Among the social, environmental and biological determinants of
TB, many are more prevalent among the poor than in wealthier
groups and these determinants likely contribute to a complex web
of poverty-based risk factors that is difficult to tease apart.

With the recognition of poverty as a root cause of TB [13–16],
the need to intervene not only on economic status, but also on the
proximal risk factors that put the poor at risk is increasingly clear.
Several groups have described frameworks that suggest how and
when common proximate risk factors act on the TB pathogenetic
pathway that includes exposure, infection, active disease and
eventual disease outcomes [14,17]. Although some epidemiologic
studies have sought to measure the impacts of these determinants,
only a few have addressed this question in the context of
understanding the routes by which poverty leads to TB [12].
The objective of our study was to investigate the mechanisms by
which poverty increases the risk of TB, using data from a large
population based survey in India.

PLOS ONE | www.plosone.org 1 November 2012 | Volume 7 | Issue 11 | e47533
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Burden of New and Recurrent Tuberculosis in a Major
South African City Stratified by Age and HIV-Status
Robin Wood1,2,3, Stephen D. Lawn1,2,4, Judy Caldwell5, Richard Kaplan1,2, Keren Middelkoop1,2, Linda-

Gail Bekker1,2*

1 Desmond Tutu HIV Centre, Institute of Infectious Diseases and Molecular Medicine, University of Cape Town, Cape Town, South Africa, 2 Department of Medicine,

University of Cape Town Faculty of Health Sciences, Cape Town, South Africa, 3 Department of Science and Technology/National Research Foundation, Centre of

Excellence in Epidemiological Modeling and Analysis, University of Stellenbosch, Cape Town, South Africa, 4 Department of Clinical Research, Faculty of Infectious and

Tropical Diseases, London School of Hygiene and Tropical Medicine, London, United Kingdom, 5 City of Cape Town Department of Health, Cape Town, South Africa

Abstract

Aim: To describe the burden of tuberculosis (TB) in Cape Town by calculating TB incidence rates stratified by age and HIV-
status, assessing the contribution of retreatment disease and estimating the cumulative lifetime TB risk in HIV-negative
individuals.

Methods: Details of TB cases were abstracted from the 2009 electronic TB register. Population denominators were
estimated from census data and actuarial estimates of HIV prevalence, allowing calculation of age-specific and HIV-stratified
TB notification rates.

Results: The 2009 mid-year population was 3,443,010 (3,241,508 HIV-negative and 201,502 HIV-positive individuals). There
were 29,478 newly notified TB cases of which 56% were laboratory confirmed. HIV status was recorded for 87% of cases and
of those with known HIV-status 49% were HIV-negative and 51% were positive. Discrete peaks in the incidence of non-HIV-
associated TB occurred at three ages: 511/100,000 at 0–4 years of age, 553/100,000 at 20–24 years and 628/100,000 at 45–49
years with 1.5%, 19% and 45% being due to retreatment TB, respectively. Only 15.5% of recurrent cases had a history of TB
treatment failure or default. The cumulative lifetime risks in the HIV-negative population of all new TB episodes and new
smear-positive TB episodes were 24% and 12%, respectively; the lifetime risk of retreatment disease was 9%. The HIV-
positive notification rate was 6,567/100,000 (HIV-associated TB rate ratio = 17). Although retreatment cases comprised 30%
of the HIV-associated TB burden, 88% of these patients had no history of prior treatment failure or default.

Conclusions: The annual burden of TB in this city is huge. TB in the HIV-negative population contributed almost half of the
overall disease burden and cumulative lifetime risks were similar to those reported in the pre-chemotherapy era.
Retreatment TB contributed significantly to both HIV-associated and non-HIV-associated TB but infrequently followed prior
inadequate treatment. This likely reflects ongoing TB transmission to both HIV-negative and positive individuals.
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Introduction

Tuberculosis (TB) notifications in South Africa have increased
progressively over the last 20 years, temporally associated with the
growth of the HIV epidemic. South Africa is now the 3rd highest TB
burdened country in the world [1,2] and is estimated to account for
approximately 25% of the estimated global caseload of HIV-
associated TB [1,2]. However, testing for HIV-infection among TB
cases has remained low due to stigma, doctor reluctance and
operational constraints. The prevalence of HIV-infection in South
African TB cases in 2007 was estimated to be 74%, but this figure
was extrapolated from a minority of notified cases who were tested in
that year, potentially leading to over-estimation of HIV prevalence
[1,2]. In South Africa in 2007 HIV-testing was performed on 39%

of TB cases with 65% reported positive. However, in 2008 when
HIV-testing was increased to 49% of TB cases, 58% were reported
positive, resulting in a downward re-estimation of national HIV/TB
caseload. Low HIV-testing rates among TB cases therefore con-
stitute a major impediment to our understanding of the epidemi-
ological interaction between TB and HIV at a population level.

Cape Town is a major South African city with a population of
3.4 million people, in which the burden of both HIV and TB are
high [3,4]. The city TB control program is based on a network of
community clinics dispensing rifampicin-based TB treatment
under a 100% directly observed treatment short course strategy
(DOTS) strategy [5,6] and supported by a comprehensive
accredited TB laboratory service [7]. In recent years, there has
been a concerted effort to increase provider initiated HIV testing

PLoS ONE | www.plosone.org 1 October 2011 | Volume 6 | Issue 10 | e25098

obtained using the same 100 × 100 grid. These values were then
used to create a color scale for the map: dark blue indicated a
score smaller than or equal to the value of the first percentile
of the 100 sampled minimum values, light blue indicated values
between the 2nd and 5th percentiles of the distribution of min-
imum values, light red indicated values between the 95th and
99th percentiles of the maximum values distribution, and dark
red indicated a score at or above the 99th percentile value. Col-
ors from turquoise to orange illustrated the range of values from
the 5th percentile of the minimum distribution to the 95th per-
centile of the maximums. This random permutation approach

ensured that the resulting maps highlighted areas in which
the proportion of individuals who are cases was greater than
expected by random chance, irrespective of the local density
of controls.

RESULTS

Among 3571 sputum smear or culture-positive cases, we were
able to include data from 3286 individuals (92%) with cul-
ture-confirmed tuberculosis who had complete household
GPS data, and for whom we had results of DST and 24-loci
MIRU-VNTR. The per-capita incidence of culture-confirmed
tuberculosis in our study was 74.12/100 000 (95% confidence
interval [CI], 71.59, 76.61). We note that these values are
lower than the overall rate of tuberculosis disease, because tu-
berculosis cases without bacteriological diagnosis are also in-
cluded in official statistics; in our data, 1391/4962 (28%) of
cases were smear and culture negative. Of these, 284 (20%)
were secondary household cases. Descriptive statistics are pre-
sented in Table 1. For additional sample characteristics, see
the Supplementary Materials.

MDR cases in our cohort were dominated by the Latin Amer-
ican–Mediterranean (LAM) sublineage of the Euroamerican tu-
berculosis lineage [18], which accounted for 44% (175) of all
identified MDR cases, followed by the Haarlem lineage with
19% (44 cases) and the Beijing lineage with 4% (17 cases).

Table 1. Sample Characteristics

Variable All Tuberculosis MDR Non-MDR

Treatment status
Treatment naive 2660 (81%) 243 (63%) 2417 (83%)
Previous treatment 626 (19%) 143 (37%) 483 (17%)

Bacteriological status
Smear-positive 2426 (74%) 268 (69%) 2158 (74%)
Culture-positive 860 (26%) 118 (31%) 742 (26%)

Total 3286 (100%) 386 (12%) 2900 (88%)

Percentages in the first 4 rows of each column represent the proportion of individuals with
each type of tuberculosis in each group (treatment naive, previous treatment, smear-
positive, culture-positive). All smear-positive cases are also culture-positive. Percentages
in the final row represent the proportion of total tuberculosis cases.

Abbreviation: MDR, multidrug-resistant.

Figure 1. HC-level risks. Annual per-100 k rates of drug-sensitive and drug-resistant tuberculosis (A) and MDR tuberculosis (B), by HC catchment area. C, Ratio of the per-capita
rate of MDR to non-MDR cases by HC. HC catchment areas are represented by polygons, with polygon fill color indicating the tuberculosis or MDR-tuberculosis rate in cases/100 K
population. The boundaries of administrative districts of Lima are overlaid in black, and labeled in white. Abbreviations: HC, health center; MDR, multidrug-resistant.
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Background. We aimed to identify and determine the etiology of “hotspots” of concentrated multidrug-resistant tuberculosis
(MDR-tuberculosis) risk in Lima, Peru.

Methods. From 2009 to 2012, we conducted a prospective cohort study among households of tuberculosis cases from 106 health
center (HC) areas in Lima, Peru. All notified tuberculosis cases and their household contacts were followed for 1 year. Symptomatic
individuals were screened by microscopy and culture; positive cultures were tested for drug susceptibility (DST) and genotyped by
24-loci mycobacterial interspersed repetitive units-variable-number tandem repeats (MIRU-VNTR).

Results. 3286 individuals with culture-confirmed disease, DST, and 24-loci MIRU-VNTR were included in our analysis. Our
analysis reveals: (1) heterogeneity in annual per-capita incidence of tuberculosis and MDR-tuberculosis by HC, with a rate of
MDR-tuberculosis 89 times greater (95% confidence interval [CI], 54,185) in the most-affected versus the least-affected HC;
(2) high risk for MDR-tuberculosis in a region spanning several HCs (odds ratio = 3.19, 95% CI, 2.33, 4.36); and (3) spatial aggre-
gation of MDR-tuberculosis genotypes, suggesting localized transmission.

Conclusions. These findings reveal that localized transmission is an important driver of the epidemic of MDR-tuberculosis in
Lima. Efforts to interrupt transmission may be most effective if targeted to this area of the city.

Keywords. drug resistance; MDR-tuberculosis; spatial analysis; tuberculosis.

There were approximately 480 000 incident cases of multidrug-
resistant tuberculosis (MDR-tuberculosis) worldwide in 2013
[1].MDR-tuberculosis, defined by resistance to at least isoniazid
and rifampicin, is associated with poor treatment outcomes for
individuals affected and poses a threat to effective tuberculosis
control in many communities. While MDR-tuberculosis arises
initially through selective pressure from ineffective or improp-
erly administered treatment of drug-susceptible tuberculosis,
once MDR strains of tuberculosis are present, they may be di-
rectly transmitted to others. In settings whereMDR-tuberculosis
is prevalent, interruption of the MDR transmission cycle de-
pends on both preventing acquisition of resistance among indi-
viduals on treatment for less-resistant forms of disease and on
prompt diagnosis and effective treatment of individuals with
MDR-tuberculosis [2, 3].

Tuberculosis notification data show that direct transmission
is the principal driver of the worldwide epidemic of MDR-

tuberculosis. Globally, approximately 20.5% of previously treat-
ed incident tuberculosis cases have MDR-tuberculosis, while
approximately 3.5% of cases without previous treatment have
MDR-tuberculosis [1]. Applying these risks of resistance to
the percentages of new and retreatment cases among all those
notified (6.5% previously treated vs 93.5% without previous
treatment) reveals that while the per-capita risk of MDR is sub-
stantially lower among those without prior treatment, more
than 70% of incident MDR-tuberculosis cases arise among
the much larger pool of treatment-naive individuals. Because
resistance among those without prior treatment signals MDR
transmission, these numbers suggest that successful con-
tainment of MDR-tuberculosis depends on interrupting its
transmission.

There is a substantial gap between the numbers of estimated
incident MDR-tuberculosis cases and the numbers actually no-
tified (approximately 136 000 of 480 000), and a further gap be-
tween the numbers notified and those offered potentially
effective second-line therapy (approximately 97 000 of these
136 000) [1]. While new tools for rapid detection of resistance
(eg, Xpert MTB/RIF [4]) offer hope for reducing delays to de-
tection, universal access to drug susceptibility testing (DST) is
not currently available in most high-burden settings. Identify-
ing novel, practical approaches for improving detection of
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TB is heterogenous — factors that drive (and/or are associated with) 
could be geographic, demographic, socio-economic, immunological/
biological, etc.  

Targeted campaigns/interventions that leverage these heterogeneities 
could be relatively more effective in case detection/incidence 
reduction.

Motivation



Part I: Modeling Implications of Heterogeneity for TB/HIV 
interventions. 

Model conceptualization to captures levels of Heterogeneity in TB/HIV 
settings. 
Exploration of role of heterogeneity in TB/HIV interventions. 

Part II: Targeted TB vaccination in South African mining 
communities. 

Modeling South African mining communities. 
Comparing adult TB vaccination strategies. 
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Modeling Implications of  Heterogeneity for TB/HIV interventions. 

Part I
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Model

HIV- CD4 > 500 CD4: 350–500 CD4: 200–350 CD4  200 receiving ART

Uninfected

LTBI

Active TB

UN UH1 UH2 UH3 UH4 UT

LN LH1 LH2 LH3 LH4 LT

AN AH1 AH2 AH3 AH4 AT

n
ew

T
B

in
fe
ct
io
n

T
B

re
ac
ti
va
ti
on

HIV acquisition HIV progression HIV progression HIV progression

HIV progression

T
B

p
ro

g
re
ssio

n
ne
w
T
B
in
fe
ct
io
n
fo
ll
o
w
ed

b
y
ra
p
id

p
ro
gr
es
si
on

T
B

re
in
fe
ct
io
n

T
B
tr
ea
tm

en
t

ART initiation

ART initiation

ART initiation

ART initiation

• HIV increases the risk of TB disease 

• Enhancement increases with decrease in CD4 counts



Settings

HIV-TB Intervention Shrestha et al.

Parameter Description Canada India Kenya South
Africa

Calibration Targets†

TB incidence per 100,000 per year [25] 5.2 167 246 834
HIV prevalence per 100,000 [26, 27, 28, 29] 175 163 6,000 12,200
HIV-TB incidence per 100,000 per year [25] 0.29 8.3 89 509
TB incidence prior to HIV epidemic per 100,000
per year [25]

12 500 250 500

ART coverage (%) [26, 27, 28, 29] 43.4 40.2 55 31.2
Female share of PLHIV (%) [26, 27, 28, 29] 18.5 42.3 58.3 60.3

Demography
Annual per capita birth rate 0.011 0.026 0.038 0.025
Age-specific background mortality rates, given by:
µ(a) = µa exp(�µb a) + µc + µd exp(µf a)
µa 0.017 0.22 1.2 0.15
µb 10.35 2.8 12.07 3.8
µc 5.5 ⇥ 10�5 1.4 ⇥ 10�4 1.2 ⇥ 10�2 4.9 ⇥ 10�4

µd 4.0⇥ 10�5 1.7 ⇥ 10�3 1.2 ⇥ 10�2 4.3 ⇥ 10�4

µf 0.09 0.04 0.025 0.077
TB-specific mortality rate (per year) 0.15
HIV-specific mortality rate, CD4 > 200 (per
year) [24]

0.1

HIV-specific mortality rate, CD4  200 (per
year) [24]

0.35

HIV prevalence and ART coverage
Rate of progression between two successive CD4-
stratifications (per year) [19]

0.5

Annual per capita HIV hazard rates for an individ-
ual of sex s, and age a:

�H(s, a) =

8
>>>>>><

>>>>>>:

0.1�H, if male & 2  a  15 yrs

�H, if male & a > 15 yrs

0.1⇢�H, if female & 2  a  15 yrs

⇢�H, if female & a > 15 yrs

0, otherwise

Baseline hazard rate, �H

Female to male ratio, ⇢
ART initiation rates (per year) across 4 CD4+
strata:
CD4 > 500
CD4 : 350� 500
CD4 : 200� 350
CD4 < 200

TB-specific

7



Methods

HIV-TB Intervention Shrestha et al.
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Figure S-1: Comparing data and model simulations: TB prevalence pre HIV. For each separate model calibration,
shown are comparisons between data (shown in red; solid line represents the point estimate of the data, and dashed
lines represent 50% and 200% of the point estimate of the data) and model simulations (shown by grey violet plots,
with medians indicated by white asterisk).
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HIV-TB Intervention Shrestha et al.
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Figure S-1: Comparing data and model simulations: TB prevalence pre HIV. For each separate model calibration,
shown are comparisons between data (shown in red; solid line represents the point estimate of the data, and dashed
lines represent 50% and 200% of the point estimate of the data) and model simulations (shown by grey violet plots,
with medians indicated by white asterisk).
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