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Tuberculosis, case finding and geographic 
variation 

Mycobacterium tuberculosis (TB) is a bacteria which is spread through the air 
through coughing, sneezing or spitting, and primarily causes infection in the 
lungs in humans, although it can infect other sites of the body (1). Following 
infection, TB disease can result from one or a combination of factors including 
poor nutritional status, diabetes, use of tobacco or over-use of alcohol, 
co-infection with human immunodeficiency virus (HIV) or the presence of 
other immunosuppressive factors. It is characterized by symptoms such as 
persistent cough with or without hemoptysis, weight loss, fever, night sweats 
or chest pain (1). TB is preventable and curable, yet it still causes widespread 
global morbidity and mortality, resulting in approximately 10,7 million people 
having fallen ill with TB in 2024 (95% uncertainty interval [UI] 9,9 – 11,5) 
according to the World Health Organization’s (WHO) 2025 Global TB Report, 
of which an estimated 1,2 million people died due to TB (2). 

Figure 1. Global tuberculosis estimated incidence rate per 100,000 population 
from 2010 to 2024 (2025 Global TB Report, World Health Organization).
Shaded areas represent 95% uncertainty intervals. The horizontal dashed line shows the 2025 
milestone of the End TB Strategy, which is a 50% reduction in the TB incidence rate between 
2015 and 2025.
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Since 2010, global TB incidence saw a gradual decline from an estimated 
11,8 million annual cases of TB to approximately 10,3 million (Figure 1) (2). 
This progress was interrupted due to COVID-19 in 2020 after which there 
was an uptick to 10,7 in 2024 (2–4). Over the same period, notifications 
have substantially increased from below 6,0 to over 8,0 million notifications 
annually, dramatically reducing the gap in estimated treatment coverage (2). 

Treatment coverage refers to the proportion of all estimated incident cases of 
TB which are diagnosed and linked to TB treatment. Notification gains over this 
time period in many high burden settings have been attributed to increased 
investments in funding. Investments were made to improve comprehensive 
reporting through recording and reporting of notifications to local and national 
surveillance systems as well as collaboration between public and private 
healthcare sectors. To improve treatment coverage, this funding was also 
directed toward screening and diagnostic advances including digital computer 
aided detection (CAD) of TB using chest x-rays (CXR) which are supported 
by artificial intelligence (AI), as well as polymerase chain reaction (PCR) 
diagnosis of TB and drug-resistant (DR-) TB (5–8). Facility-based (otherwise 
known as passive) case-finding efforts have been strengthened by adding 
systematic screening where underlying risk of the population is thought to 
be high, often referred to as intensified case-finding (ICF). Additionally, active 
case-finding (ACF) efforts, which refer to screening and diagnosis for TB in 
communities outside of facility settings, have been massively scaled up since 
2010 (9,10). The contribution of ACF to increases in notification globally is 
hard to measure; however, ACF serves a wide range of important purposes, 
one of which is the provision of access to TB care for groups of people who 
are otherwise less likely to receive timely screening, diagnosis and treatment 
due to healthcare accessibility challenges. Furthermore, data collected on 
ACF processes and outcomes can serve as a proxy for community level TB 
prevalence, if cautiously analyzed and interpreted (11–13). 

Like other infectious diseases, TB shows geographic variations and trends 
commonly understood as hotspots and coldspots; this means that TB is not 
uniformly distributed across space, i.e. geography (14–16). Hotspots in the 
context of TB may refer to clustering of geographic units where high TB 
case notification rates (CNR) are reported near other geographic units with 
high TB CNR (otherwise known as ‘high-high’ clusters). ‘Coldspots’ describe 
areas where low TB CNR cluster near other low TB CNR areas (‘low- low’ 
clusters) (17). This geographic variation (also called spatial patterns) occurs 
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across global regions, across countries, subnationally, within districts and 
communities (15). While TB is present in all parts of the world, it is more 
heavily concentrated in countries in sub-Saharan Africa, south and southeast 
Asia, and the western Pacific region (2).  Spatial patterns can be accounted 
for in spatial modelling, which broadly refers to methods which factor theories 
of spatial dependencies into geographically differentiated models of disease 
burden, and this is a commonly applied method for subnational spatial 
models of TB (18). There is a wide range of spatial epidemiological modelling 
methods. These models can account for spatial lag, which refers to spatial 
dependencies in the outcome variable, spatial error, i.e. spatial dependencies 
in residual errors, or spatial random effects. Geographically weighted 
regressions account for variance in the relationship between the outcome and 
covariates across space (19). Similar to other infectious respiratory diseases 
including influenza and COVID-19, these methods are particularly applicable 
for TB because of the distinctly spatial nature of TB epidemiology.

Understanding the gaps (and geographical 
variation of gaps) in tuberculosis treatment 
coverage

Geospatial analysis in the epidemiological context is used to describe 
geographical patterns of disease.  Principles of health geography and spatial 
trend analysis can be applied in spatial modelling to predict geographical 
patterns and potentially explain which risk factors are associated with and 
may drive those patterns. TB burden as well as its risk factors vary across 
space, and TB burden clusters due to both endogenous (i.e. human-to-
human transmission) and exogenous factors (i.e. risk factors for TB) (20). 
Exogenous factors include undernutrition, HIV, diabetes, tobacco use and 
over-consumption of alcohol, economic and social factors, population density, 
housing conditions, health system factors, the role of the private sector and 
its integration with the public sector, geographic distance to health services, 
among others (2,21–23). Importantly, TB notification rates also vary by 
geography, partially reflecting the magnitude of the underlying burden, and 
partially, the efforts or ability of the national TB program (NTP) to identify and 
treat all people with TB. Examining subnational geographical patterns in TB 
data, health system performance, and accessibility to health services may 
help to explain subnational treatment coverage estimates and actionable 
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information to improve matching local needs with access to services, and is 
the subject of this thesis. 

Why is it important to close TB treatment coverage gaps? 
In order to curb the continued transmission and impact of TB at the 
population, community and individual level, timely and accurate TB diagnosis 
and treatment initiation are essential. As long as sizeable treatment coverage 
gaps persist, TB transmission will continue to cause substantial morbidity 
and mortality, with disproportionately large impacts on populations which are 
marginalized either socially, economically or geographically. 

How do treatment coverage gaps occur? 
Multiple challenges prevent timely and correct TB diagnosis and linkage to TB 
treatment. The Levesque Framework describes challenges in aligning local 
health services with population needs before, during and after care-seeking 
(24). For example, someone who is experiencing TB related symptoms may 
delay care-seeking due to being unable to miss a day of work or being unable 
to afford public transportation which would necessitate an unfeasibly long 
trip to the nearest primary care facility. Likewise, a person with TB symptoms 
who has arrived at a health facility where staff are missing the skills or time 
to evaluate TB risk may be misdiagnosed and sent home without receiving 
appropriate TB testing or treatment. 

Gaps in TB treatment coverage persist in areas where the health system 
is unable to cope with the needs of the surrounding population to access 
screening, diagnosis and treatment of TB. This is usually the result of a 
combination of factors which contribute to gaps in loss to follow up along 
the TB care cascade from screening to testing to diagnosis and treatment 
initiation, mirroring the Levesque Framework (24). For example, services 
may not meet demand where there is low facility density per population in 
geographically remote areas or intensely populated urban areas where 
even a wide availability of health services is unable to meet the demand of 
a densely concentrated population. Facilities themselves may not have the 
staff, training, sensitization, or material resources present to properly assess 
for TB needed to match the burden of TB in the surrounding population. 
In settings where there is a large and unregulated private sector, people 
with TB may seek care at a private general practitioner (GP) or lab, receive 
a positive TB diagnosis, but not linked to care. Usually, many such factors 
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are present in high burden settings with treatment coverage gaps, which 
also vary across geography, and may or may not adhere to administrative 
subnational boundaries. One of the most important barriers to TB and other 
health services is geographic access, i.e. the distance with people must travel 
to access screening, diagnosis or treatment. If the distance is too far to travel 
by foot, or public transportation or other options are too expensive or require 
too much time away from work, the required care will not be reached, and 
people will delay care-seeking. This results in more severe illness and higher 
chances of transmission among close contacts and communities. Figure 2 
summarizes where challenges in service delivery contribute to gaps in linkage 
to care through the lens of the TB care cascade.    

Beyond the challenges of service delivery, the epidemiology of 
Mycobacterium tuberculosis infection also presents challenges to closing 
gaps in TB treatment coverage. Newer findings show that the annual risk of 
infection with M. tuberculosis may be much higher than previously estimated 
(25), and that subclinical TB contributes far more to TB transmission that 
previously understood (26,27). Also, a secondary analysis of prevalence 
surveys conducted between 2007 and 2020 has shown that asymptomatic (or 

Figure 2. Relationships between the availability of evidence and health services 
which strengthen linkage to tuberculosis service care and treatment coverage.
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subclinical) TB accounts for more than half of all prevalent cases of pulmonary 
TB in community settings (28). Combined, these findings help to explain why 
in high incidence settings, the scale of the burden of TB and opportunities 
for transmission make it challenging to completely and effectively close all 
gaps in linkages to care, especially in resource constrained settings. These 
challenges vary by country, district, and facility. For this reason, it is important 
to approach this challenge locally, as part of a strategic and coordinated effort 
between national and subnational planners. 

How NTPs try to close treatment coverage 
gaps: passive and active TB case-finding in the 
public and private sector 

NTPs describe their case-finding strategies to close gaps in the care cascade 
in detailed National Strategic Plans (NSP), including collaboration with private 
sector GPs, pharmacies, labs, NGOs and community health workers (CHWs). 
Each actor extends service delivery on site or into communities which may 
struggle to access care in the public sector due to geographic limitations or 
limitations in service capacity of the public sector. TB case-finding can be 
divided into passive and active approaches. Passive case-finding refers to 
facility-based activities to screen, diagnose and initiate people with TB on 
treatment (29). It relies on people with TB symptoms approaching health 
services in facility settings and requires the health system to channel healthcare 
seekers through the correct algorithm for diagnosis and treatment initiation 
(29). In public sector settings, TB diagnostic and treatment services are often 
offered for free, although referrals may still be required to access necessary 
services to complete screening, diagnostic and/or treatment initiation, thereby 
causing gaps in linkage to care (30,31). Private sector providers charge fees for 
screening, diagnosis, and treatment, which, combined with additional out-of-
pocket costs often contribute to delayed or incomplete treatment, continued 
illness and transmission (32). These on-site barriers to care combined with the 
requirement that people recognize symptoms and physically access health 
facilities mean that passive case-finding will not provide diagnostic access to 
everyone who needs to be screened and tested for TB, especially those with 
asymptomatic bacteriologically positive TB.

Active case-finding (ACF) aims to address these challenges by bringing TB 
screening and diagnostic services geographically closer to people who may 
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be at higher risk of TB due to their presumed exposure to risk factors, and 
geographical or social barriers to reaching health facilities. ACF in which all 
participants are initially offered chest x-ray (CXR) regardless of symptoms 
is particularly useful for identifying people with asymptomatic TB, who 
are more likely to be unaware of their TB status. While ACF is generally 
coordinated by the NTP, private sector stakeholders, usually NGOs, often 
carry out ACF interventions. As opposed to passive case-finding, ACF is 
generally conducted outside of facility settings. It is often strategically placed 
in areas in which a large number of people with higher risk of exposure to 
TB can easily be found, and/or areas where there are a disproportionately 
large proportion of people who are thought to be at higher risk of having 
undiagnosed TB due to access limitations. Placing ACF in the latter type of 
setting benefits communities suffering from geographic, social or economic 
exclusion. However, because ACF can only screen a small number of people 
relative to the size of the population at higher risk for TB, even successfully 
implemented ACF may be unlikely to show population-level impact if it is not 
geographically targeted and evidence-based (33,34).

Moving towards evidence-based planning for 
tuberculosis case-finding

Evidence-based planning for ACF has become more common 
practice because passive and active case-finding as usual are 
not enough to close treatment coverage gaps, and because 
ACF is expensive.
Implementing ICF and ACF activities is resource intensive. In facilities it 
requires the capacity to screen an increased number of OPD attendees, 
lab capacity to process an increased load of specimens, and support for all 
initiating treatment. In ACF settings, extensive resources are required for 
training, procurement of vehicles, chest x-rays, computer aided detection 
(CAD) software for TB, and diagnostic tools such as PCR. Additional resources 
are needed for community sensitization, engagement with local stakeholders 
such as GPs who will participate in the ACF events, and community leaders 
to endorse the event. Fuel costs are often considerable given that ACF 
events are often planned in harder to reach geographic areas where weather 
and road conditions may also complicate travel (35,36). In addition to lab 
equipment and consumables, costs must also be covered for e.g. overnight 
accommodation of screening teams, digital data collection technology and 
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access to internet in remote settings, and additional health screening services 
to incentivize community participation (33,37,38). 

Because of ACF expenses, screening efficiency is key
Case-finding efficiency is important in ACF interventions due to its costly 
nature, and can be approximated through the number needed to screen 
(NNS) to find one person with TB. TB program planners face increasing 
pressure to take evidence-based approaches to conduct case-finding 
as efficiently as possible, due to its high costs. This pressure is due to the 
decreasing multilateral and bilateral support available (39), the increasing 
number of TB prioritization tools available, and global initiatives (End TB 
Strategy and country targets) to end TB by 2030. Because of limitations in 
how passive, intensified and active case-finding can contribute to closing 
treatment coverage gaps, TB program planners and implementers have 
started resorting to more evidence-based approaches to assess where and 
how to conduct ACF, and how to optimize resource allocation in general. 
These include use of tools like Patient Pathway Analysis (PPA), the People-
centered framework for tuberculosis program planning and prioritization, the 
MATCH framework, and methods including (spatial) TB burden modelling, TB 
prevalence surveys, and TB epidemiological reviews (40–42). Application of 
these tools relies on a large amount of digital and ideally, spatially indexed 
data, which are becoming more readily available as paper data storage and 
data capture grow obsolete (43). 

Closing the TB treatment coverage gap is a 
geographical challenge

Because screening efficiency is key, the main question is 
where screening can be done efficiently
To close treatment gaps where they may have the largest population impact, 
it is important to first understand where these gaps exist subnationally. The 
World Health Organization (WHO) updates TB incidence estimates on a 
yearly basis to provide evidence about the size and global distribution of TB 
burden (2). Global TB modelling experts also use mathematical and statistical 
methods to generate national level burden estimates (44,45). All such 
estimates can serve as a basis for comparison with the yearly notifications, 
to estimate the treatment coverage rate and gap, so that program planners 
can plan and adjust resource allocation annually if needed. However, national 
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estimates mask the disproportionate share of overall TB burden or gaps in 
treatment coverage across specific provinces and districts, leaving such 
areas to be overlooked during resource allocation. TB is not homogenously 
spatially distributed, displaying subnational spatial patterns which do not 
adhere to administrative borders; therefore, while WHO incidence estimates 
and prevalence survey estimates are crucial data points, these do not 
support subnational planning or resource allocation because they are made 
at the national level. There is no doubt that the accuracy and precision of 
subnational TB burden estimates are inferior to national estimates which were 
generated from prevalence surveys, but subnational estimates may have 
value (46). Subnational TB burden estimates support decision-makers’ ability 
to allocate diagnostic equipment to higher need districts, to invest in training 
and capacity building to under-resourced facilities, and to strategically place 
community outreach (40,47). There are also vast amounts of under-utilized 
secondary data and active case-finding data which could theoretically 
support efforts to model subnational TB burden (41,48). Modeling or ranking 
burden or treatment coverage across subnational units with these data may 
help planners to prioritize resources where they are most needed and to 
evaluate the extent to which treatment coverage gaps narrow in response.

Answering the question of where to screen is challenging 
because evidence generation of subnational TB burden is also 
expensive
Generating evidence to support subnationally differentiated planning 
is logistically challenging and expensive. Prevalence surveys have cost 
hundreds of thousands to over one million USD, and require significant 
planning, human resources, and time for survey execution and data analysis 
(49,50). Notifications are perhaps better interpreted as a reflection of 
program efforts rather than burden in many settings because many people 
with TB do not get diagnosed or notified to the program. Many studies have 
been published on spatial patterns and time trends of notification rates, but 
there is evidence that in many high burden, resource-constrained settings, 
notifications are highly correlated with TB program efforts (51). While 
geographic accessibility studies can provide detailed answers on how and 
where to improve access to TB service points, one-off surveys are resource 
intensive. Therefore telecom mobility data are being used to shed light on 
this important question without the need for primary data collection (52). 
For these reasons, conceptual / analytical frameworks and tools like MATCH 
and PPA can help to prioritize subnational case-finding efforts, both of 
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which rely on analysis of ACF data, TB program data, as well as primary or 
secondary survey data to contextualize notifications. Predictive models have 
also become increasingly popular to estimate subnational variation in TB 
burden, which can be compared with notifications to approximate subnational 
treatment coverage. Although programmatic and survey data are generally 
stored digitally, ACF data are often still captured on paper due to the 
operational constraints of ACF environments. While this approach avoids the 
training, financial, and connectivity requirements of digital systems, it limits 
the timeliness of monitoring and evaluation needed for spatial targeting, i.e. 
geo-prioritization.

Micro-level geographic planning is also necessary
Predictive models can identify individual districts with relatively higher 
treatment coverage gaps, but districts may be large and populous, and NTPs 
have to determine in which specific locations ACF events should take place. 
As already established, case-finding impact will be capped by the burden 
of the community or target group selected for screening. This means that 
geographical placement of ACF in a high burden district but a low burden 
community within the district will substantially reduce the number of people 
who can be detected with untreated TB. In terms of the TB care cascade, 
incorrect geographic targeting reduces the bottom of the pyramid, i.e. the 
maximum number of people who could theoretically be diagnosed with TB 
(Figure 2). Even perfectly efficient screening and diagnosis processes in such 
areas will have a very limited yield. Therefore, NTPs must consider who are 
high-risk populations for having untreated TB, where are they located, and 
where should outreach be placed to mobilize the largest number of these 
people to attend screenings – in facilities, social settings in the community, 
or in distinct geographic pockets? Do high-risk populations reside in specific 
places, are they geographically dispersed, or is the general population 
already at sufficient risk for TB to justify ACF? If the private sector will be 
engaged in the ACF, where within the district is there sufficient geographic 
overlap of private providers and the high-risk population to offer well 
attended ACF? Crucially, while ACF is intended to bring services to those 
who are in high need of screening due to access limitations, programs have 
to consider whether there are enough people estimated to have untreated 
TB to justify the sometimes enormous resources required to reach remote 
geographic areas. How will this affect case-finding efficiency? Are there other 
geographic areas with a similarly high estimate of under-detection, which 
may be geographically easier to reach, and would bring TB services to more 
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people needing them? This tension between case-finding efficiency and 
providing care in geographic areas where many might otherwise not access 
services might be eased with evidence-based predictions of where and how 
many people are estimated to have untreated TB. Now there is a wealth of 
geographically disaggregated, digitized, and updated data which can be used 
to prioritize ACF accordingly at the sub-district level (41). 

Interest and expertise are growing for 
evidence-informed subnational TB case-finding 
plans, while funding is constrained.

Recognition of the potential value of subnational TB planning is growing, 
and NTPs are moving from the national to subnational level to develop 
case-finding strategies and plans (40,53). In response to this, The Global 
Fund has funded two strategic initiatives starting in 2016 to ‘find the missing 
cases of TB’ with an emphasis on subnational data analysis. Countries in 
high-burden settings were supported to triangulate, map and spatially analyze 
subnational TB program data, sociodemographic data, and information about 
high-risk populations with the aim of developing locally tailored case-finding 
and health system strengthening plans (15). In recent years, WHO’s Global 
TB Programme has also supported the use of ACF and subnational data for 
subnational burden estimates and planning, reflecting a shift from its previous 
skepticism around the quality of ACF data and overall ACF effectiveness (54). 
Early subnational TB modelling efforts have also been developed in a number 
of high-burden settings, applying a diverse range of statistical and machine-
learning frameworks (55,56). 

Although interest and expertise are growing in case-finding prioritization and 
efficiency, multilateral funding for both TB program support and for national 
prevalence surveys has been substantially cut after the onset of COVID-19 
and more recent shifts in donor priorities (57–59). Therefore TB programs may 
decide to prioritize geographic areas where ACF will yield the most TB cases 
most efficiently, among other considerations. Predictive modelling, especially 
models accounting for spatial dependencies in TB data, have the potential to 
support these efforts. TB modelers have started to incorporate more spatial 
methods as awareness and understanding of them has grown (14,60–63). 
The MATCH framework (Mapping and Analysis for Tailored disease Control 
and Health system strengthening) is available to model TB subnationally 
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while accounting for spatial dependencies in data, and may be well suited to 
support subnational case-finding priorities in resource-constrained settings 
as it relies on a wide range of secondary data sources. MATCH describes how 
TB risk and program efforts are reflected in TB notifications, and how these 
vary across space at national and subnational levels (15). It posits that efforts 
to measure risk or burden and treatment coverage, and to plan interventions 
to address these, must also be subnationally differentiated. Because burden 
and notification rates vary across space, so does treatment coverage. The 
MATCH framework rests on the principle that these patterns exist, and that 
subnational models for TB burden or treatment coverage should factor 
in spatial variation in TB risk factors (16). Figure 3 represents the MATCH 
framework and illustrates how spatial patterns are evaluated. Much of the 
work presented in this thesis rests on application of the MATCH framework 
for data collection, analysis and interpretation.  

Figure 3. MATCH framework as applied to subnational TB burden
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Gaps in evidence to subnationally prioritize 
tuberculosis case-finding

As established above, global TB stakeholders are increasingly recognizing 
the importance of differentiating burden estimates, risk profiles, and TB 
implementation approaches by geography, although spatial analytical 
methods remain underutilized for this purpose (14). Therefore, there is a 
need to document the extent to which spatial patterns including spatial 
autocorrelation are accounted for in actual public health analysis, planning 
and decision-making. It has also become increasingly clear that data 
digitization is an essential step in ensuring readiness for decision-making 
(64,65), but it is important to better document the challenges to be overcome 
for implementers moving from paper to digital data entry in resource-limited 
settings (66,67). Telecom provider data shows promise in its potential uses to 
track population mobility (68,69), but it is less clear to what extent it answers 
questions around (site-specific) health service accessibility (52,70).  

Moving beyond questions around data collection and interpretation, much 
remains unknown about how to accurately model subnational TB risk, or how 
to do so accurately enough to sensibly support subnational TB case-finding 
prioritization (47,54). While machine learning technology is increasingly 
applied to the prediction of disease risk and subsequent public health 
control, these models have not yet been externally validated. Measuring 
model performance using real-world data collected in TB ACF settings poses 
a set of methodological challenges which are beginning to be explored 
(13). The extent to which machine learning models (ML) produce outputs 
comparable with statistical models which are still more commonly applied for 
epidemiological research also remains to be seen. If ML model accuracy is 
non-inferior but requires fewer resources to maintain, there is good reason 
to adopt and refine the technology going forward. Additionally, it would 
also be valuable to understand whether there are differences in model 
accuracy across covariates to identify and correct misspecifications. Finally, 
although data reduction techniques have been applied to index a range of 
socioeconomic and health risks, there seem to be limited validation studies 
based on empirically collected data (71). So far, no studies have been found 
on the use of data reduction techniques to index TB risk subnationally. 
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Study settings

This thesis consists of one global literature review, four studies based in 
Pakistan, and one in Viet Nam. The literature review provided the foundational 
basis for applying spatial methods in all subsequent chapters. Pakistan is an 
ideal setting for the studies of this thesis due to the high burden of tuberculosis 
and the large gap in treatment coverage in terms of absolute numbers. 
Primary data were collected from TB ACF settings throughout Balochistan, 
ICT, KPK, Punjab and Sindh provinces, and primary data were collected in the 
form of exit interviews from TB service points in the same provinces. Primary 
data were collected during TB ACF settings in five provinces spread across 
northern, central and southern regions of Viet Nam. 

Pakistan
Pakistan was estimated to have the fifth largest burden of tuberculosis globally 
in 2024, with 669,000 incident cases and 74% treatment coverage (2). 104,000 
TB cases were attributed to diabetes in the same year, making it the largest 
risk factor for TB, followed by undernutrition with 62,000 attributable cases 
(2). Pakistan’s most recent national TB prevalence survey was finalized in 2011 
and estimated a prevalence of 398 people with bacteriologically confirmed 
(B+) TB per 100,000 (72). As with all TB prevalence surveys, Pakistan’s 
2010-2011 survey was not powered to provide reliable subnational prevalence 
estimates, nor are the cluster level data recent enough to speculate on 
current subnational variation. However multiple subnational modelling efforts 
have been undertaken in the intervening period. A TB hackathon resulted 
in 2018 district-level prevalence estimates which varied widely in terms 
of geographic concentration of TB cases between the five participating 
modelling groups (56). Modelers applying the SubSET model produced 
district level incidence estimates which were highest in Sindh province and 
parts of Kyber Pakhtunkhwa (KPK), with estimated case detection rates (CDR) 
below 25% found in Balochistan, pockets of Sindh, KPK and Gilgit Baltistan 
(53). A substantial challenge to diagnostic coverage for TB in Pakistan is that 
while nearly 90% of people have been estimated to initially seek health care 
in the private sector, only 0.1% of these facilities provided TB diagnostics, 
although these findings were based on data from surveys conducted as early 
as 2011 (73). The same study reported that only 5.3% of public sector facilities 
where people initially seek care possessed TB diagnostic capacity.
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Pakistan is geographically large and populous; the 2023 census reported a 
population of 241,499,431 for Khyber Pakhtunkhwa (KPK), Punjab, Sindh and 
Balochistan provinces, and Islamabad Capital Territory (ICT) (74,75). The 
census reported that 61.2% of the population resides in rural areas, where 
many communities must travel long distances to reach primary health services, 
yet may have limited financial resources or means of transportation (76–79). 
Northern Pakistan is highly mountainous containing large geographic pockets 
which are nearly inaccessible, and road network coverage varies widely 
throughout the country, making transportation for essential health services 
inaccessible for people with low incomes and social insecurity (80,81). In such 
settings, ACF is a key strategy to improve access to TB services and close the 
treatment coverage gap (82,83). 

Viet Nam
Like Pakistan, Viet Nam is among the 30 countries which account for a large 
majority of global TB burden, yet has a distinct epidemiological profile and 
challenges in TB service delivery which contribute to treatment coverage gaps 
(84). While Pakistan’s estimated TB incidence and death rates have remained 
relatively unchanged since 2010 (266 per 100,000 and 51,000 deaths in 
2024), Viet Nam’s incidence rate has seen a gradual decline from 230 to 
182 per 100,000 population, with deaths decreasing by half (approximately 
24,000 to 12,000) over the same period (2).

Viet Nam’s largest attributable risk factors for TB are alcohol use disorders 
and smoking, estimated at 20,000 and 19,000 TB cases respectively. 
Treatment coverage was estimated at 58% in 2024; this 42% gap likely grew 
in recent years following COVID-19’s near total shutdown of access to health 
services during intermittent periods between 2022 and 2023 (2). Subnational 
TB burden estimates have not been published for the whole of Viet Nam, 
but estimation exercises and spatial analyses have taken place in Ho Chi 
Minh City, and the NTP considers Ho Chi Minh City, Ha Noi, and Da Nang as 
epidemiological hotspots (60,85). 

According to the 2019 population census, Viet Nam had a population of 
96,208,984, with approximately 65.6% residing in rural areas (86). In a 2020 
survey studying risk factors for unmet healthcare needs in rural areas lack of 
transportation options was reported by 30% of 233 participants, and limited 
availability of doctors or medicines after arrival by 47% (87). A nationally 
representative survey of 3,049 older Vietnamese people found that rural 
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residents were three times less likely to access outpatient services compared 
to urban residents (88). Most private health facilities are located in urban 
settings and serve as the first point of contact for 50-70% of people with TB 
(89). However with only 2% of notifications coming from private providers it is 
likely that many people with TB are not receiving either adequate diagnosis 
or TB treatment(89).  

Overall research aim

The overall research aim of this thesis is to present novel research and 
evidence for subnational geographic TB case-finding prioritization. 

Specific research objectives

1.	 Describe and analyze global practices in accounting for spatial 
autocorrelation in epidemiological research of infectious diseases, to 
inform decision-making. (Chapter 2)

2.	 Explore the operational challenges in data digitization during primary data 
collection of TB active case-finding activities in Pakistan. (Chapter 3)

3.	 Assess the utility of telecom population movement data in describing 
access to TB service points in Pakistan. (Chapter 4)

4.	 Evaluate the accuracy and performance of models to predict TB active 
case-finding efficiency.
a.	 Compare the performance of a statistical and machine learning model 

in predicting B+ TB positivity rates in TB active case-finding settings of 
Pakistan. (Chapter 5)

b.	 Retrospectively evaluate the performance of a PCA approach to rank 
TB risk in ACF settings of Viet Nam (Chapter 6)

c.	 Retrospectively assess the performance of a machine learning model 
to predict B+ TB positivity in ACF settings of Pakistan. (Chapter 7)

Overview of empirical chapters

This thesis first considers several questions around the nature of key data 
inputs for modelling or ranking TB burden subnationally: which methods 
should be considered when accounting for space in epidemiological 
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modelling and how should they be reported and interpreted? How feasible 
and important is it for ACF data to be in a digital state? And what is the meaning 
of a promising proxy for health service accessibility- can telecom mobility 
data actually help to reflect peoples access to care which is otherwise very 
difficult to measure? Chapter 2 analyzes global practices around accounting 
for spatial autocorrelation in epidemiological studies of infectious diseases. 
Chapter 3 describes operational feasibility of transitioning from paper to 
digital data collection, and Chapter 4 assesses the extent to which telecom 
mobility data capture the accessibility of TB service points relative to exit 
interviews. Then the thesis proceeds to approach the question of whether 
valid subnational TB risk models can be developed (chapter 5) and how can 
they be validated in different epidemiological settings including Viet Nam 
(chapter 6) and Pakistan (chapter 7). 
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