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Abstract 

Efforts to combat tuberculosis (TB) require reliable national and subnational data for planning, monitoring and evalu-
ation. Yet, reliable subnational estimates of TB burden are hard to come by—especially at the lower levels of disag-
gregation such as district, community, or ward level. Several approaches have been proposed to generate subnational 
estimates of TB burden. However, ascertaining the accuracy of modelled estimates and ensuring their use for TB 
program planning remains a challenge, thereby raising questions about their usefulness. In this perspective article, 
we review several subnational TB models to gain insights into their accuracy, purpose and use as a starting point 
to reflect on their usefulness in finding the missing people with TB. We argue that despite concerns about their accu-
racy, subnational TB models can help pinpoint areas that deserve more programmatic attention (spatial targeting) 
and better understand the effectiveness of interventions (programmatic learning). Furthermore, increasing the use 
of these models can help improve both their accuracy and usefulness in the long run—if estimates are systematically 
compared against programmatic data and models are improved to better capture reality on the ground. As such, 
we conclude that subnational TB models represent an essential evidence-based learning tool to guide the search 
for the missing people with TB.
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Background
Essentially all models are wrong, but some are useful—
this famous aphorism attributed to the British statisti-
cian George Box [1] acknowledges that models cannot 
capture the complexities of reality but could nevertheless 
be useful if users take model limitations into account. As 
modellers and technical advisors to tuberculosis (TB) 
control programs in several high-burden countries, this 
aphorism also resonates for models to estimate subna-
tional TB burden. In this perspective article, we review 
several subnational TB models to gain insights into their 

accuracy, purpose and use as a starting point to reflect on 
their usefulness in finding the missing people with TB.

Efforts to combat TB require reliable national and sub-
national data for planning, monitoring and evaluation. 
TB remains a major global public health challenge, with 
millions of people affected each year [2]. As an infectious 
disease, it tends to cluster geographically as a result of 
person-to-person transmission. In addition, risk factors 
for TB are also clustered since social and environmental 
factors are more prevalent in certain geographical areas 
(poverty, overcrowded living conditions, poor access to 
healthcare, etc.). Broadly speaking, subnational TB data 
can inform TB control strategies by providing insights to 
understand the local epidemiology of the disease, develop 
locally specific interventions, and prioritise resource allo-
cation. More specifically, by pinpointing geographic areas 
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with higher TB burden, subnational TB models can play 
a crucial role in the search for the millions of ‘missing 
people with TB’ (individuals affected with TB that are 
either undiagnosed or diagnosed but not reported in offi-
cial TB statistics [3]. Yet, reliable subnational estimates 
of TB burden are hard to come by – especially at the 
lower levels of disaggregation such as district, commu-
nity, or ward level. Currently, TB notifications reported 
through health facilities or district-level TB registers are 
the main source of subnational TB data, but subnational 
TB case notification rates are more often reflective of TB 
programme efforts and access to healthcare than TB bur-
den [4, 5] especially in settings where large fractions of 
cases are unaccounted for by routine systems. As a result, 
high notifications indicate an unknown mix of high bur-
den and high performance and vice versa for low rela-
tive notifications. National population-based prevalence 
surveys provide a direct measurement of the burden of 
disease, but they are typically not powered to provide 
subnational granularity.

Given the lack of empirical data, several approaches 
have been proposed to generate subnational estimates 
of TB burden. A literature scan suggests that scientific 
interest in subnational TB modelling started to grow 
from 2010 onwards. Yet efforts to understand spatial het-
erogeneity in disease occurrence and underlying risk fac-
tors were already ongoing in prior years with the use of 
geographic information systems and spatial statistics to 
analyse small-scale TB data [6]. Conceptually two types 
of geo-spatial approaches to estimating TB burden can 
be distinguished: (1) classify or rank subnational regions 
by TB burden and; (2) provide point estimates of TB bur-
den for subnational regions. The classification or ranking 
of approaches does not necessarily require statistical or 
mathematical modelling and can be done with multi-
criteria decision-making algorithms (such as for example 
the MATCH approach [7]). Conversely, providing point 
estimates of TB burden for subnational regions can be 

computationally intensive and requires methodological 
rigour and ample data. Over the last decade interest in 
this type subnational TB modelling increased, coinciding 
with a growing application of statistical and mathemati-
cal models to evaluate health programmes [8] advance-
ments in computational methods and TB data availability 
[9] and a recognition that new approaches were neces-
sary to enable tuberculosis elimination [10–12]. All three 
TB burden indicators are of interest for subnational mod-
elling: incidence, mortality and prevalence. While mod-
elling TB mortality and incidence is relevant for global 
reporting [13, 14], prevalence is appealing to modellers as 
TB surveys provide ample empirical data for modelling 
efforts [15, 16].

Building on previous work by Garnett et  al. [8] we 
propose that models to estimate subnational TB burden 
can be categorised as either mathematical or statistical 
(Table 1), each corresponding to distinct types of reason-
ing, varying degrees to which empirical data is needed 
and different ways of factoring in the role of chance. 
Here we consider Bayesian approaches as statistical and 
inductive although Bayesian probability theory can also 
be considered a mathematical framework and Bayesian 
approaches include some elements of deductive reason-
ing when they build on prior knowledge. We also clas-
sified machine learning models as statistical because 
they often involve estimating parameters (in fact many 
machine learning algorithms are based on statistical 
regression models). But one could also argue that they 
constitute a separate computational modelling paradigm 
that goes beyond traditional statistics by leveraging tech-
niques to handle large datasets and optimise complex 
models.

Despite the wealth of approaches available, ascertain-
ing the accuracy of modelled estimates and ensuring 
their use for TB program planning remains a challenge, 
thereby raising questions about their usefulness. From a 
technical perspective, the accuracy of model predictions 

Table 1  Overview of modelling approaches for subnational TB

Modelling paradigm Type of reasoning Use of empirical data Role of chance Examples of models

Mathematical: Produces 
definite TB outcomes based 
on pre-specified inputs 
and relationships with other 
TB or non-TB data

Deductive: relies on known 
relationships and specific 
inputs to yield TB outcomes

No empirical data is neces-
sary about the TB indicator 
to be modelled as long 
as relationships with other 
TB or non-TB data can be 
formulated

Variation can be introduced 
in the model simulations 
to account for inherently 
random effects and reflect 
variability in model inputs

Deterministic and stochastic 
compartmental models
Individual-based determinis-
tic and stochastic models

Statistical: Uses existing 
empirical TB data to esti-
mate probabilities and make 
predictions for unobserved 
cases

Inductive: Draws general 
conclusions about a TB out-
come from specific observa-
tions and associations

Empirical data for the TB 
indicator to be modelled 
is necessary for certain areas 
for model building (the 
same areas for which risk 
factors are also available)

Variation inherent to model 
building as associations 
between the TB outcome 
and risk factors are esti-
mated based on probability 
theory

Frequentist regression 
models
Bayesian approaches
Machine learning
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is very difficult to ascertain in the absence of an empiri-
cal ground truth to use for validation. The ‘Benchmark-
ing, reporting, and review’ approach proposes several 
benchmarks to circumvent empirical evidence when 
assessing the quality of a TB model [18], but its applica-
bility to subnational models is limited when the bench-
marking data is not available subnationally. In addition, 
models are often technically complex which can limit 
their use by TB program planners. Indeed, planners may 
not have the expertise to understand subnational models, 
negatively affecting their trust in modelled estimates and 
willingness to engage in discussions about their use. Rec-
ommendations to increase the quality of model outputs 
for country-level TB policy-making recognise the need 
to involve local stakeholders in the modelling process 
[18, 19], but in our experience this is not always enough 
to ensure models become part and parcel of in-country 
decision-making processes.

Ensuring the accuracy and use of models for TB sub-
national estimation is key to fulfil their potential to find 
and treat missing people with TB and will determine the 
model’s impact on TB control. While accurate model 
predictions are needed to ensure programmatic deci-
sions are based on valid estimates, in practice a model 
needs to be trusted and used to have an impact. In this 
paper, we provide our perspective on current efforts by 
modellers to ensure the accuracy and use of their mod-
elling approach. We present some selected examples 
of statistical and mathematical models that generated 
TB subnational estimates of TB prevalence, incidence 
and mortality. Thereafter we reflect on (1) efforts made 
by modellers to validate the accuracy of estimates; (2) 
the models’ purpose and reported use for TB planning. 
Finally, we build on this information to reflect on the use-
fulness of subnational estimates to find the missing peo-
ple with TB.

Existing models: accuracy, purpose and use
In our experience, statistical models of TB burden are 
very common for TB prevalence and there are also 
some—albeit fewer—examples of models for TB inci-
dence and mortality. One commonly used statistical 
approach to predicting subnational TB prevalence lever-
ages TB prevalence survey data with Bayesian regression 
modelling as documented for instance in Bangladesh [23] 
and Ethiopia [24] or the TB Hackathon in Pakistan [25] 
just to name a few. Examples of Bayesian models estimat-
ing incidence include a geospatial Bayesian model to link 
case notifications to unobserved TB incidence in Ethio-
pia, allowing for differences in case detection identified 
through the presence of health facilities at a local level 
[20]. In another application, modellers estimated munic-
ipal-level incidence and fraction of individuals treated 

based on available notification and mortality data in Bra-
zil [21] (although the model is referred to as mathemati-
cal by the authors we refer to it as statistical according to 
the definitions in Table 1). To the best of our knowledge, 
there is only one documented application to date of a sta-
tistical model used to estimate subnational TB mortality: 
a Bayesian regression model that used vital registration 
data from the national mortality information system and 
TB case notifications statistically to predict TB mortality 
at municipal level in Brazil [22].

Conversely, we find mathematical models are mostly 
used for TB incidence and mortality but we are not 
aware of any for TB prevalence. Compartmental models, 
a commonly used approach for the mathematical mod-
elling of infectious diseases, have been used to estimate 
TB incidence at the health zone level in the South-Kivu 
Province of the Democratic Republic of Congo based on 
population density and TB notification data [27]. In many 
ways, the SubSET multiplicative model used to estimate 
district-level incidence in Indonesia [28] can also be con-
sidered as a mathematical model according to our defi-
nitions in Table  1. This method uses WHO-estimated 
TB incidence for the country and known ecological pre-
dictors of TB (e.g. population size, urbanization, socio-
economic indicators) to deduce district-level values of 
incidence. The mathematical TIME model stands out as 
the only model producing two provincial-level outcome 
indicators (mortality and incidence) in South Africa 
[30]. The TIME model is an age-structured, dynamic, 
compartmental transmission model of TB with a user-
friendly interface that automatically incorporates country 
data on TB notifications and demographic projections 
and can be applied at subnational level.

Reflecting on these selected statistical and mathemati-
cal models, an association between types of modelling 
approaches and TB outcome variables can be discerned. 
The widespread availability of empirical data at the sub-
national level for model building (e.g. cluster locations 
of the TB prevalence surveys) likely explains the ample 
use of statistical models to estimate TB prevalence. Con-
versely, mathematical models are appealing to model 
outcomes—such as incidence—that cannot be measured 
directly [29] and for which therefore require building on 
assumptions about TB transmission dynamics and dis-
ease progression. This explanation resonates with the fact 
that statistical models for TB incidence tend to include 
complex mathematical components, e.g. to allow for local 
differences in case detection rates and to estimate TB 
incidence from notifications [19, 20]. Mortality seems to 
be an indicator for which both mathematical and statis-
tical models can be used. While mortality can be meas-
ured directly with sensitive reporting systems, death 
counts are low and therefore unstable in small areas, and 
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statistical modelling approaches can separate true differ-
ences in risk from stochastic noise [21].

It is interesting to note that most of the models 
described so far were developed with some intention to 
inform TB programs, but the outputs’ accuracy was not 
always validated and their use for TB programming was 
not often reported. The original purpose of the models 
encompassed supporting subnational resource allocation, 
informing TB policies, guiding active case-finding activi-
ties and evaluating interventions. A further review of the 
models described so far reveals that only two, explicitly 
refer to their use by TB program planners either to steer 
case-finding activities [24] or for resource allocation and 
planning [28]. Furthermore, two TB Hackathon models 
were used as a basis for sample size calculations for the 
national TB prevalence survey [24]. However, we cannot 
discard the possibility that some models were used for 
TB program planning even if that was not reported in the 
publications we consulted. Several models reported some 
validation efforts to gauge the accuracy of their estimates, 
either using data not used for model building [27] or 
sample splitting methods [21, 24].

Usefulness of subnational estimates to find missing 
people with TB
From a programmatic perspective, the use of subnational 
TB estimates can serve two monitoring and evaluation 
(M&E) functions: learning and accountability. The mod-
els we presented here rather emphasized the learning 
function, as their primary purpose included supporting 
subnational resource allocation, informing TB policies, 
guiding active case-finding activities and evaluating the 
impact of future interventions. None of the models we 
reviewed made explicit reference to using the modelled 
estimates for an accountability function, i.e. to set perfor-
mance targets for the absolute number of people with TB 
to be found through case-finding activities (as done for 
example in pay-for-performance schemes that use health 
outcome targets to incentivise health service delivery 
[31]. This is reassuring, given that most models did not 
report efforts to validate the accuracy of their estimates 
using independent data not used to develop the model 
(sample splitting methods seem to be more frequently 
used but provide a less reliable assessment of a models’ 
performance). The TB hackathon offered a unique oppor-
tunity to gauge model validity and showed that even with 
similar predictors and comparable modelling approaches, 
estimates can vary substantially, thereby casting doubt on 
all models’ accuracy. This is in line with other TB model 
comparison exercises that have shown that differences in 
results occur even when models evaluate the same policy 
alternatives in the same setting [32].

However, target setting aside, we believe subnational 
estimates can be useful in finding missing people by 
increasing the effectiveness of case-finding interventions. 
Ideally and in the long term the effectiveness of case-
finding interventions would be measured in terms of 
their impact on TB incidence. However, given challenges 
in measuring incidence in settings with high TB burden 
(where it is assumed that many people remain unde-
tected and untreated) [29] increases in notifications are 
often the most pragmatic metric. We believe subnational 
estimates can help increase case notifications and thereby 
identify effective interventions in two ways.

First of all, subnational TB estimates can be used for 
spatial targeting of interventions [33]. Indeed, while 
models may not have the level of accuracy needed to 
provide point estimates and ranges for each area, they 
may still enable the ranking of areas or discrimination 
between high and low case detection efficiency [27] 
deduced for example by high prevalence-to-notification-
ratios [24, 30] or low case detection rates [19]. Ideally, 
reasons for under-notifications in the target areas should 
also be investigated to select the most effective interven-
tion for the given target areas. Indeed, a TB program 
may be missing people with TB for several reasons along 
the care cascade [34]: there may be foci with high trans-
mission in areas with particularly high numbers of key 
populations (meaning many individuals at risk of or with 
TB), areas with poor access to care or limited knowledge 
about TB (meaning few individuals accessed TB screen-
ing or testing), or issues with testing and screening or 
diagnostic capacity (meaning few individuals were tested 
and diagnosed). Selecting the most effective interven-
tions to address the locally specific TB detection gap 
will maximise the chances of actually finding the missing 
people with TB in the target area (e.g. intensified screen-
ing in key populations, mobile chest camps and com-
munity sensitisation in areas with poor access to care, or 
setting up sputum transportation networks to improve 
testing). However, is important to realise that these types 
of strategies based on aggregated burden estimates may 
overlook foci involving fewer people, thus steering efforts 
away from structurally left-out populations.

In addition, subnational estimates can be useful as a 
starting point for programmatic learning, i.e. to provide 
insights for TB programmers on the real-life effectiveness 
of interventions. This is closely related to the application 
of the TIME model in South Africa [30] which provided 
a time series of estimates to estimate the impact of vari-
ous TB interventions. The ability to make future projec-
tions and evaluate different hypothetical scenarios is 
one of the main strengths of mathematical models [7]. 
However, more real-time operational applications of 
programmatic learning can be achieved with all types 
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of models when the roll-out of interventions is closely 
monitored with relevant program metrics (e.g. screen-
ing yield, number needed to screen, number needed to 
test, notification rate) to assess the match between target 
areas and selected interventions. Increases or decreases 
in program metrics could be indicative of a good match 
between a targeted area and a selected intervention. Con-
versely, no changes could mean either that the target area 
was wrongly classified as high burden by the model; or 
that the selected intervention was not appropriate for 
the area. Various iterations of the case-finding approach 
and field investigations may be necessary to under-
stand whether the TB interventions need to be adapted 
whether the model needs to be improved, or both. The 
willingness of local program planners to use modelled 
estimates is a key pre-condition for this type of program-
matic learning and often depends on the extent to which 
planners have been engaged in the generation of the esti-
mates—as per various recommendations to increase the 
quality of modelled estimates [17, 18].

Conclusions
Subnational TB models may not be entirely correct but 
they can still be useful to find missing people with TB. 
Increasing their use may help increase their accuracy 
(and therefore usefulness) in the long term. A panoply 
of statistical and mathematical approaches are available 
to model subnational TB incidence, prevalence and mor-
tality. These can help pinpoint areas that deserve more 
programmatic attention (spatial targeting) and better 
understand the effectiveness of interventions (program-
matic learning). While ascertaining the validity of these 
models remains a challenge, it is important to consider 
that in the absence of a model, prioritisation would 
likely be based on experts’ opinions (that may also be 
wrong); or there may be no prioritisation at all which is 
also judgement about subnational variation, namely that 
there is none (also unlikely to be true). On the other 
hand, increasing the use of subnational models can help 
improve both their accuracy and usefulness in the long 
run—if estimates are systematically compared against 
subnational programmatic and survey data and if mod-
els are increasingly improved to better capture reality on 
the ground. In a world of scarce and limited public health 
resources yet ample data and computational potential, 
subnational TB models represent an essential evidence-
based tool to guide the search for the missing people with 
TB.
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